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Abstract
On The Spatial Economics of Knowledge Accumulation
by Johannes Stiller
My thesis investigates the spatial economics of knowledge accumulation.
The main contributions of my work are the following: First, I explore the theoretical found-
ations and the economic relevance of the spatial heterogeneity in knowledge accumulation.
The distinction between the creation and transmission of knowledge and their respective local
determinants are the main focus of this exploration that links endogenous growth theory and
recent research on spatial aspects of human capital and innovation. Second, I present a
theoretical analysis on the role of face-to-face interactions in knowledge spillovers. This
search-theoretic model considers the creation and transmission of knowledge and determines
that knowledge externalities do not reach their optimal extent because agents choose their
partners for interaction too narrowly. Third, my empirical analysis for European regions
shows that geographical and technological proximity foster innovative spillovers between re-
gions. A spatial-autoregressive estimation of the reduced form of the knowledge production
function provides the framework for this investigation.
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Chapter 1
Introduction
This thesis investigates the spatial determinants of knowledge accumulation and economic
growth. I summarize previous theoretical and empirical work on the spatial dependence of
knowledge and growth and relate this research to its roots in endogenous growth theory. I
contribute to this literature with my theoretical investigation of knowledge spillovers in an
urban search-theoretic framework and my empirical analysis of innovative spillovers between
European regions. My main research contributions are the following: First, I investigate the
distinction between the creation and transmission of knowledge in endogenous growth theory
and connect it to recent research on spatial aspects of human capital and innovation. Second,
I integrate knowledge creation and transmission as simultaneous but distinct mechanisms into
an urban search-theoretic model. Third, my empirical analysis for European regions explores
the role of different proximity dimensions in innovative spillovers.
The exploration of economic growth’s main drivers has long been a major subject of eco-
nomic research. There is little doubt that the continuous increase of individual and collective
knowledge is at the core of the economic prosperity that developed economies enjoy today.
Historically, growth in output and economic welfare has been steady but slow for many centur-
ies. Only in the wake of the enlightenment and the development of groundbreaking inventions
like the steam engine and electricity has economic growth increased to higher levels. This co-
movement of innovation and prosperity is not only observed over time, but also across space.
Well educated nations with high innovative capacity are the leaders in economic growth and
welfare. The pattern also holds within country borders: cities are rich in human capital
and outperform the periphery in output and wages. The spatial distribution of knowledge is
therefore closely linked to the spatial distribution of economic welfare. This thesis aims to
contribute to the understanding of this connection and its underlying mechanisms.
1
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The remainder of this thesis is organized as follows:
Chapter 2 introduces the contribution of endogenous growth theory as foundation of the
economic investigation of knowledge accumulation. I apply these models’ implications to a
spatial setting and review the theoretical and empirical literature that is based on them. I
summarize the literature with particular attention to the distinction of creation and trans-
mission of knowledge and link it to my analyses in chapter 3 and 4.
Chapter 3 examines local knowledge spillovers as a source of agglomeration economies. I use
a search-theoretic framework to investigate the creation and transmission of knowledge as an
outcome of local face-to-face interactions between agents with heterogeneous cognitive back-
ground. The model’s results show that agents are too picky in the choice of their interaction
partners and consequently knowledge accumulation and economic growth do not reach their
optimal extent.
Chapter 4 provides empirical evidence on the role of proximity in innovative spillovers between
European regions. Using data from 236 European NUTS2-regions, I estimate a reduced form
of the knowledge production function in a spatial-autoregressive framework. The results
confirm previous findings on the relevance of innovative spillovers and their dependence on
geographical and technological proximity. I further propose alternative specifications of in-
ternal inputs and spatial weights and explore the simultaneous impact of geographical and
technological distance. Chapter 5 summarizes main findings and concludes my thesis.
Chapter 2
Endogenous Growth and
Knowledge Accumulation
2.1 Introduction
This chapter explores the determinants of the spatial heterogeneity in economic growth and
knowledge accumulation. I review the fundamental role of human capital and innovation
in economic growth as prominently established in endogenous growth theory by Lucas Jr
(1988) and Romer (1990). I examine the implications of these models for spatial patterns
of innovation and growth. Both models imply that the spatial distribution of human cap-
ital and innovation is a main driver of the persistent growth differentials between regions.
My review then turns to important contributions to the theoretical understanding of spatial
determinants of growth and knowledge accumulation. Empirical evidence is reviewed and
includes two important strands of literature: namely the North American new economics of
urban and regional growth literature and the European research that applies spatial econo-
metric techniques to examine innovation and growth on the regional level. In conclusion, I
briefly discuss the distinctions and shortcomings of Lucas’s and Romer’s models and explore
a possible integration of their respective mechanisms.
2.2 Endogenous Growth
Endogenous growth theory has its roots in neo-classical growth models that have been estab-
lished by Solow (1956) and Swan (1956). While these models already linked economic growth
to technological progress, i.e. the accumulation of knowledge, the process of knowledge accu-
3
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mulation was treated as exogenous and its roots remained unexplored. Neo-classical growth
theory defined knowledge as a pure public good and therefore left no room for local dis-
paraties. The integration of knowledge accumulation into these growth models is the main
goal of endogenous growth theory. To achieve this goal, these models incorporate explicit
mechanisms of human capital growth and innovation into the production technology. In the
following, I briefly present two of the most prominent contributions to endogenous growth
theory. Lucas Jr (1988) and Romer (1990) established the endogenous growth framework
and provided large parts of the foundation to this area of economic research. However, it is
not for their prominence that these models will be discussed here. The focus will be on their
implications for local growth differentials and the role of human capital and innovation in
this phenomenon. While both models are built on the importance of knowledge and stress
the relevance of its local dissemination, a detailed interpretation of the models’ implications
in a spatial setting reveals notable differences between the two approaches.
2.2.1 Lucas’s Concept
The defining characteristic of Lucas Jr (1988)’s growth model is the introduction of the stock
of human capital as an input to production and the explicit modeling of human capital
accumulation. Lucas’s production technology is defined as
Y A,K,L, l, h   AKαlhL1α (2.1)
where Y , A and K are output, level of technology and capital. l describes the proportion
of total labor time spent working, and h is the stock of human capital. Lucas rewrites the
production function in per-capita terms as he turns to analyze the individual’s optimization
problem. The per-capita production function is
yA,K,L, l, h   Akαlh1α (2.2)
which is constant returns to scale in k and lh. Capital accumulation follows the differential
equation
k˙   y  c  ξ  δk (2.3)
where capital growth is equivalent to the output net of consumption and the depreciation of
capital. Human capital accumulation is governed by the differential equation
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h˙   φh1  l (2.4)
where φ denotes the efficiency of human capital accumulation. This equation contains the
core of Lucas’s approach to endogenize knowledge accumulation. It defines the model’s
implications in three important ways. First, knowledge is embodied in human capital. Growth
is driven by the accumulation of individual knowledge and skills, it does not depend on
the creation of new knowledge and resulting growth in the technology level A. Second,
human capital growth is proportionate to the existing human capital stock. Individual human
capital growth exhibits constant returns to scale. Third, human capital growth relies on an
investment of labor time into human capital accumulation, the opportunity cost of learning
are foregone wages. Lucas establishes the model’s socially optimal solution under perfect
foresight which is represented by the steady- state growth rate of consumption.
c˙
c
  ρ1φ  θ (2.5)
Consumption growth is determined by the differential of φ and θ. The key parameter in this
model is φ, which determines the efficiency of the human capital accumulation process. A
positive growth rate is obtained if the future payoff of human capital accumulation outweighs
the preference for current consumption, which is captured by the parameter θ. In its basic
form, the model does not have immediate spatial implications. Knowledge accumulation is
an individual pursuit and the individual’s optimization does not depend on its environment.
However, Lucas explores an extension to his model that incorporates a human capital extern-
ality. This externality is the theoretical foundation to the relevance of spatial proximity and
knowledge spillovers. Specifically, in this version of the model the individual’s production
function is
yi   Ak
α
i lihi1αh¯ψ (2.6)
where h¯ is the local average level of human capital. The introduction of h¯ as an input
to individual production reflects the idea that each person is more productive if nearby
individuals possess high levels of human capital. For this extension of the model, the steady-
state growth rate of individual human capital becomes
γh    ρ1φ  θ
1  ψ1  1~ρ~1  α (2.7)
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In this representative agent model, individual human capital accumulation corresponds to
aggregate human capital accumulation, which in turn determines the aggregate growth rate.
Lucas shows that this decentralized equilibrium is suboptimal, because individual consumers
do not obtain the full benefits to society of increasing their own stock of knowledge. The
socially optimal solution requires greater investment in human capital accumulation than is
obtained in the decentralized equilibrium.
In summary, the main implications of Lucas’s model for spatial patterns of growth and know-
ledge are the following. The local growth rate of human capital determines the local growth
rate of consumption. The local growth rate of human capital depends on the local aver-
age level of human capital and the time allocated to learning. Thus, the model predicts
higher growth rates in regions with high shares of highly educated workers and a strong
role of schooling. The mechanism of knowledge accumulation is transmission of knowledge
between individuals, the model does not require knowledge creation or innovation for eco-
nomic growth. Proximity between agents facilitates interaction and transmission which im-
plies that population density and spatial proximity to highly educated regions are conducive
to local growth. While the model does not directly predict whether specialization or diversity
of local industries benefit growth, a plausible interpretation is that homogeneity in agents’
knowledge backgrounds facilitates the transmission of knowledge and therefore enhances eco-
nomic growth.
2.2.2 Romer’s Concept
Romer (1990)’s work builds on the author’s own model that he established in Romer (1986).
While Lucas and Romer share the insight that knowledge accumulation is the main driver
of economic growth, the proposed process of knowledge accumulation in Romer’s model dif-
fers from Lucas’s approach in various ways. In Romer’s world, it is not the accumulation of
individual human capital that drives growth, but the accumulation of ideas that are embod-
ied in product designs. This focus on knowledge creation introduces the relevance of labor
allocation to research and development as opposed to individual learning in Lucas’s model.
Furthermore, Romer explicitly models the intermediate goods market and firms’ investment
decision in an environment of imperfect competition.
The characteristic feature of Romer’s production technology is that it disaggregates capital
into an infinite number of distinct types of producer durables. These durables are indexed
by an integer i.
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Final output Y is expressed as a function of physical labor L, human capital devoted to
final output HY , and physical capital K. The functional form for output is expressed as the
following extension of the Cobb-Douglas production function:
Y HY , L, x  HαY LβQ
i
x
1αβ
i (2.8)
Capital accumulation is determined by foregone consumption and follows the differential
equation
K˙t   Yt Ct (2.9)
The research sector formalizes the process of knowledge accumulation in Romer’s model.
Technological growth evolves according to
A˙   δHAA (2.10)
where the technology level A is represented by the stock of product designs. A is non-rival
and can be accessed by all researchers. The output of researcher j is proportional to his hu-
man capital level Hj and the stock of ideas Aj he can access. Summing across all researchers
yields the differential equation above where HA is total human capital employed in research.
The intermediate goods sector of producer durables is characterized by the firms’ maximiza-
tion problem with respect to the output of the durable good:
max
x
S
ª
0
 HαY Lβx1αβi  pixidi (2.11)
which yields the firms’ inverse demand function for durables:
pi   1  α  βHαY Lβxαβi (2.12)
Faced with given values of HY , L, and r, a firm that has already incurred the fixed-cost
investment in a design will choose a level of output x to maximize its revenue net of the
variable cost:
pi   max
x
1  α  βHαY Lβx1αβ  rηx (2.13)
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The decision to produce a new specialized input is determined by a comparison of the dis-
counted stream of net revenue and the cost PA of the initial investment in a design. Because
the market for designs is competitive, the price for designs is bid up until it is equal to the
present value of the net revenue that a monopolist can extract. At every point in time it
must therefore be true that
pit   rtPA (2.14)
For a fixed level of A, the model’s symmetry implies that all available durable goods are
supplied at the same level, henceforth denoted as x¯. If they were not, it would be possible to
increase profits in the producer durables sector by reducing the output of high-output firms
and diverting the capital released in this way to low-output firms. Since A determines the
range of durables that can be produced and since η units of capital are required per unit of
durable goods, x¯ can be determined from the equation K   ηAx¯.
Then output Y can be written as
Y HY , L, x  HαY Lβ S ª
0
x
1αβ
i di  
 HαY L
βAx¯1αβ
 HαY L
βA
K
ηA
1αβ
  HYAαLAβK1αβηαβ1
(2.15)
The strategy to characterize the model’s equilibrium that is followed by Romer is to
solve for an equilibrium in which the variables A, K, and Y grow at constant rates, i.e. the
economy’s balanced growth path. Equation 2.15 shows, that output grows at the same rate
as A if L, HY , and x¯ are fixed. If x¯ is fixed, K grows at the same rate as A, because total
capital use is Ax¯η. Let g denote the growth rate of C, A, Y , and K.
g  
C˙
C
 
Y˙
Y
 
K˙
K
 
A˙
A
  δHA (2.16)
The constraint HY   H HA implies a relation between the growth rate g and the interest
rate r:
g   δHA   δH 
α
1  α  βα  βr (2.17)
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The core of Romer’s model is found in the evolution of ideas as described in equation 2.10,
which in turn determines the steady-state growth rate. Creation of new ideas depends on the
share of R&D workers and their efficiency as well as their access to existing product designs.
Firms’ investment decisions are driven by the monopoly profits of product innovation and
lead to less than optimal investment in R&D because the external effect of innovation on the
evolution of knowledge accumulation is not considered by firms. As in Lucas’s model with
human capital externalities, steady-state knowledge accumulation and consumption growth
are below their socially optimal level.
In conclusion, Romer’s model implies somewhat different determinants for spatial patterns of
growth and knowledge compared to Lucas Jr (1988). The local growth rate depends on the
growth rate of product designs, which is equivalent to the growth rate of ideas or knowledge
creation. This growth of ideas is determined by the share of R&D workers and the stock of
ideas they can access. Thus, the model predicts higher growth rates in regions with high shares
of research workers and easy access to scientific knowledge. The mechanism of knowledge
accumulation is knowledge creation. Innovations, which are codified as product designs are
necessary for economic growth. The focus on transmission of knowledge in Lucas’s model
as opposed to creation of knowledge in Romer’s model as the driver of growth is the most
important distinction between the two approaches. These different mechanisms also have
distinct implications on the role of specialization and diversification in local growth rates.
Romer’s work is interpreted as one of the theoretical foundations for the so called MAR-
spillovers, where MAR refers to Marshall, Arrow and Romer as explorers of these spillovers
that arise from the local specialization of industries. Based on Romer (1990), however, the
argument for specialization is not that clear. Romer himself argues for the importance of
vertical innovation, which describes the process of creative disruption that is also at the core
of Schumpeterian models of innovation. Vertical innovation refers to new product designs that
are based on and replace previous designs within the same industry. As vertical innovation
happens within industries, specialization enhances this kind of innovation. On the other hand,
diversification provides room for horizontal innovation, i.e. new products are introduced in
industries based on product designs and inspiration from different industries. It is the relative
importance of vertical and horizontal innovation that determines whether specialization or
diversification are conducive to growth in Romer’s model.
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2.3 Theoretical Literature
2.3.1 New Economics of Urban and Regional Growth
The application of endogenous growth theory to spatial economics motivated a substantial
number of studies that investigate extent and drivers of the accumulation of knowledge on
the regional level. The vast majority of these studies is of empirical nature. While explicit
theoretical explorations on the spatial dimension of knowledge accumulation are relatively
rare, there are some notable contributions that deliver spatial extensions of the endogenous
growth theory and important foundations for empirical analyses.
I follow Roberts, Setterfield et al. (2010) in the distinction between the North American
new economics of urban and regional growth literature and its European counterpart, which
mainly focuses on the application of spatial econometrics on the regional level. The new eco-
nomics of urban and regional growth, which is mainly pursued in North America, is based on
endogenous growth theory. Its focus on geographically bounded spillovers from face-to-face
interactions explains agglomeration effects, increased growth in cities and urban wage premia.
These effects are consistent with Lucas Jr (1988)’s predictions. New economics authors point
to this link to endogenous growth theory even though an explicit theoretical integration of
these effects into comprehensive growth models is usually not undertaken. The following
provides a brief overview over theoretical foundations of the effects of urban face-to-face in-
teractions on local wages and growth.
Edward L. Glaeser (1999) sets up a model of urban learning from face-to-face interactions
in which the number of meetings increases in workers’ density. This mechanism leads to
the agglomeration of skilled workers in cities and urban wage premia. In an extension to
his model, the author introduces the assumption that learning only takes place if workers
from the same industry meet which reflects the idea of more efficient knowledge transmission
between workers with similar knowledge backgrounds adopted in our model.
Peri (2001) uses a similar approach that analyzes the accumulation of young urban workers’
skills, assuming that the density of educated workers positively affects the accumulation of
skills. The resulting equilibrium features a concentration of young and educated workers in
cities that is consistent with empirical observations.
More recently, Davis and Dingel (2013) provide a spatial equilibrium model that examines
costly exchange of ideas as agglomeration force. The intensity of knowledge exchange depends
on the time devoted to the search for exchange partners, the density of workers and their skill
level. Consequently, the exchange of ideas, average abilities of individuals and wage premia
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are higher in larger cities.
Berliant, Reed III and Wang (2006)’s model of knowledge exchange via face-to-face inter-
actions analyzes the matching process of individuals with heterogeneous knowledge back-
grounds. This approach incorporates the competing roles of similarity and diversity of know-
ledge by assuming that there is an optimal distance of knowledge types that leads to the
most efficient transmission of knowledge. With the number of meetings increasing in density,
the efficiency of learning is higher in more densely populated cities.
All these models capture the higher rate of knowledge spillovers in cities and focus on the
transmission of knowledge and the associated buildup of individual skills. My analysis in
chapter 3 extends these contributions as it is the first search-theoretic approach that ex-
plicitly includes the creation of knowledge as a simultaneous but distinct process from the
transmission of knowledge. This addition enriches the theoretical analysis because the two
types of spillovers differ in their dependence on knowledge similarity and also in compensa-
tion.
This strand of literature focuses on the role of face-to-face interactions in the accumulation
of knowledge. As explored in chapter 2.2, this approach is compatible with Lucas’s idea of
human capital growth embodied in the individuals’ skills. The main driver of agglomeration
in these models is therefore the greater opportunity to exchange knowledge in a dense urban
area with highly educated workers. These drivers are reflected in my analysis in chapter 3 as
well. However, this mechanism does not fully capture Romer’s idea of endogenous growth.
In Romer’s world, knowledge is embodied in patents and the accumulation of it does not
directly depend on face-to-face interactions but on access to the local stock of ideas and the
share of R&D workers. As Romer considers ideas in terms of blueprints for product varieties,
his model gives more relevance to codified knowledge and the transmission of tacit know-
ledge through face-to-face interactions is not as important as in Lucas’s world. However, the
process of knowledge creation, which is performed by R&D workers, still requires interaction
between those researchers and scientists. My contribution in chapter 3 fits this framework if
the creation of knowledge is conceptualized as an outcome of interactions in the R&D sector.
2.3.2 European Research on Regional Innovation and Growth
Recent European research on the determinants of spatial heterogeneity in growth and innova-
tion differs from the new economics approach mainly in the focus on more aggregated spatial
units and the application of spatial econometric techniques. Both of these characteristics
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call for a stronger orientation towards macroeconomic theory as opposed to the analysis of
individual and firm-level interactions that is central to the new economics of urban growth
approach. Consequently, a large part of this literature relies on the estimation of local produc-
tion functions that include neighboring regions’ output as an input to local production. This
framework enables researchers to apply spatial econometric models to analyses of growth and
innovation at the level of European NUTS-regions. The theoretical foundations for these in-
vestigations are closely tied to endogenous growth theory. As established in chapter 2.2, these
models are based on the concept of a production function and treat knowledge as an input
to production. While there is a large body of literature that applies this concept to explain
local heterogeneity in output and wages, this review focuses on heterogeneity of innovation
and its spatial determinants. To investigate spatial patterns of innovation, researchers apply
the concept of the production function to the creation of knowledge, shifting the outcome
of interest from economic output to innovative output. This knowledge production function
(KPF) is the basic framework to explore innovation in space in this strand of the literat-
ure. The idea of the KPF predates endogenous growth theory. However, with endogenous
growth theory and its focus on knowledge accumulation, the concept gained relevance and
researchers’ attention. Griliches (1979) provides a foundation for the analysis of innovative
spillovers in two ways: he introduces the concept of the knowledge production function on
the firm level and the concept of technological distance between firms and industries. The
production function is applied to estimate returns to the internal input of R&D within the
firm. The results confirm the positive impact of R&D intensity on output. Furthermore, the
author explores the definition and measurement of R&D capital in the firm which leads him
to consider spillover effects of the R&D activities from other firms and the introduction of the
concept of technological distance which mediates these effects. Pakes and Griliches (1984)
applies the KPF to explain variations of patent activity on the firm level. Adam B Jaffe
(1989) builds on the concept of the knowledge production function and refines the definition
of the internal inputs to investigate innovative spillovers from university research to firms.
The exploration of state-level time-series data on firms’ patents shows a significant spillover
effect of university research on firms’ innovative output. There is also evidence for an indir-
ect effect as university research induces higher local corporate R&D investment. David B
Audretsch et al. (2003) find in their review of the literature that the KPF’s capacity to ex-
plain a firm’s innovative output in isolation is limited, but it provides a strong framework to
explain innovative output for larger spatial units of observation. The focus of European eco-
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nomists’ investigation subsequently shifted from the firm-level to higher levels of aggregation,
primarily to the city, county or state-level. With its focus on innovation, this area of research
is directly connected to Romer (1990). The very idea to conceptualize the ”production”, i.e.
the creation, of knowledge in form of the KPF demonstrates its focus on knowledge creation.
Patents as the unit of measurement are also directly connected to the blueprints for product
designs that embody ideas in Romer’s model. Thus, the KPF with innovative spillovers is a
close representation of Romer’s differential equation of idea accumulation described in equa-
tion 2.10. Internal inputs to knowledge production are R&D spendings and human capital,
which correspond directly to human capital devoted to research (HA) in Romer’s model. The
external input of neighboring regions’ innovation corresponds directly to the access to the
stock of ideas in Romer’s framework. Chapter 4 of this thesis provides an explicit analysis of
innovative spillovers between European regions based on the KPF framework.
2.4 Empirical Literature
2.4.1 New Economics of Urban and Regional Growth
Both strands of literature that were introduced in chapter 2.3 - new economics of urban
growth and European research on regional innovation patterns - are empirically oriented.
Main results of important contributions will be summarized below and put into context to
Lucas’s and Romer’s concepts of endogenous growth. Edward L. Glaeser, D. et al. (1992)
use data on employment growth between 1956 and 1987 of large industries in 170 U.S. cit-
ies. They find that industry-employment growth is significantly positively related to urban
density and diversity of industries. These results are consistent with Lucas Jr (1988) if
urban density is considered to foster face-to-face interactions and knowledge transmission.
Feldmann and David B. Audretsch (1994) employ a more direct approach to measure the con-
nection between innovative output and the composition of economic activities in a city. Using
the United States Small Business Administration’s Innovation Data Base (SBIDB) they can
directly observe innovative activity across cities by looking at the number of product intro-
ductions across U.S. cities. Their results coincide with Edward L. Glaeser, D. et al. (1992),
i.e. density and local diversity of industries enhance innovative output. However, their study
is more directly connected to Romer (1990). The measurement of innovation by the number
of product introductions corresponds closely to Romer’s concept of knowledge accumulation.
The finding of positive innovation effects from diversity speaks for the relevance of horizontal
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innovation in Romer’s framework. Another study that is in line with Lucas Jr (1988) is
provided by Rauch (1993). The author finds that the average level of human capital within
a city has a significantly positive impact on wages for data from 1980 in 237 SMSAs. This
result fits the core prediction of Lucas’s model with human capital externalities, where the
average level of human capital drives knowledge accumulation and growth. Rauch (1993)
further finds that years of schooling as opposed to experience at the job are conducive to
growth, which is consistent with another implication of Lucas’s model: time allocated to
human capital accumulation enhances growth. These results are supported by Edward L
Glaeser, Scheinkman and Shleifer (1995). Data from 203 US cities are used to estimate the
impact of the initial level of human capital on subsequent local per capita income growth.
The effect of the average level of education is significantly positive as predicted by Lucas’s
model. Further research by Glaeser falls in line with Lucas Jr (1988) as well. Edward L.
Glaeser and Mare´ (2001) show that urban workers increase the wage differential over non-
urban workers during the time they work and live in the city. This urban wage premium
is not lost even when they move from the city to a rural area, supporting the story of skill
acquisition in an urban environment. Once workers leave the city, they keep their skills and
therefore continue to earn the same nominal wage in the rural area. This finding is consistent
with Lucas’s idea of knowledge that is embodied in human capital and does not support
Romer’s idea that growth is driven by knowledge that is embodied in patents. In another
exploration, Edward L. Glaeser and Resseger (2010) show that per-worker productivity is
strongly correlated with urban density and conclude that spatial proximity facilitates the
transmission of knowledge. Edward L. Glaeser and Resseger (2010) find that learning op-
portunities are especially strong in cities with high average levels of skills, indicating that
the contact between highly educated individuals accelerates the accumulation of human cap-
ital and again confirming Lucas’s ideas of knowledge transmission. Carlino, Chatterjee and
Hunt (2007) show that doubling urban employment density leads to an increase of patent
intensity of about 20 percent. This observation indicates that a dense urban environment
causes a higher rate of face-to-face interactions and in turn increased innovative output. This
study is particularly interesting, because it provides evidence that density and face-to-face
interactions are also important for the creation of knowledge. North American research is
not only focused on knowledge transmission, there is also notable research on innovative
spillovers as evidenced by the locality of patent citations. Adam B. Jaffe, Trajtenberg and
R. Henderson (1993) show that patent-citations are clustered at the MSA-level as well as
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at the state-level. Interactions between researchers and easier access to nearby patents can
explain these spillovers in the context of Romer’s model. Adam B Jaffe (1986) focuses on
the role of firms’ position in technological space. The author examines, whether the R&D
activity of neighboring firms in technological space has an effect on firms’ R&D effectiveness.
Firms’ position in technological space is determined by their innovative activity in different
patent classes. The author finds that firms with high R&D neighbors produce more patents
per dollar of R&D spending. This spillover effect is particularly pronounced for firms that
invest highly in R&D themselves. These R&D spillovers also fit into Romer’s framework of
knowledge creation.
2.4.2 European Research on Regional Innovation and Growth
As established in chapter 2.3, European research in the framework of the KPF is closely
based on Romer (1990). Therefore, its empirical results can provide insight into the valid-
ity of Romer’s predictions. Romer’s model is based on the firm level, David B Audretsch
et al. (2003)’s findings in support of the KPF’s greater explanatory power on the state-level
are a main contribution that led to the modification and re-interpretation for higher levels
of aggregation. Autant-Bernard (2001) examines data from French regions in the frame-
work of the knowledge production function with attention to geographical and technological
spillovers. The author estimates spillover effects along each of the two dimensions. Signi-
ficant externalities occur with stronger evidence in the technological dimension than in the
geographical dimension. The results also indicate that human capital is the primary medi-
ator of these externalities. A closely related study is the investigation of R&D externalities
between European regions conducted by Bottazzi and Peri (2003). Their approach also relies
on the KPF and focuses on the role of neighboring regions’ R&D spendings on local innovat-
ive output. A distance decay approach which assigns neighboring regions’ R&D investments
to five different classes of geographical distance is estimated. They find significant spillovers
for regions that are closer than 300 kilometers to each other. The magnitude of these effects
is small as a doubling of a neighboring region’s R&D activity increases local patent output by
2-3%. Moreno, Paci and Usai (2005) follow a similar approach based on the KPF in order to
analyze the mechanics of knowledge interdependence across European regions. They estimate
the production function with geographical weights and find evidence for the importance of
internal factors as well as spatial spillovers. Their results confirm the findings of significant
innovative spillovers driven by R&D spendings and additionally show similar spillovers driven
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by the number of patent applications in neighboring regions. They also find that technolo-
gical clustering contributes to the spatial dependence pattern. Paci, Marrocu and Usai (2014)
employ a spatially auto-regressive model to measure spillover effects on innovation along the
geographical, cognitive, organizational and institutional dimensions. They find significantly
positive spillover effects in the geographical and cognitive dimension. All of these studies
confirm main predictions from Romer (1990)’s framework in a regional setting. Neighboring
regions’ R&D intensity and patent activity enhance local R&D efficiency and access to ideas
which determine local knowledge accumulation.
2.5 Discussion
A brief discussion of this chapter’s insights is complicated by the large body of literature and
the heterogeneity of results. There is strong evidence, prominently led by Glaeser’s studies,
for the important role of human capital and urban density in local growth. These findings are
in line with Lucas’s approach and confirm the relevance of individual skills and knowledge
transmission through face-to-face interactions.
On the other hand, notable evidence provided inter alia by David B. Audretsch and Feldmann
(1996) and Adam B. Jaffe, Trajtenberg and R. Henderson (1993) validates the importance of
knowledge creation and innovation. Spatial innovative spillovers are found on various levels
of aggregation: between firms (David B. Audretsch and Feldmann (1996)), MSAs (Adam
B. Jaffe, Trajtenberg and R. Henderson (1993)) and regions (Bottazzi and Peri (2003)).
European research based on the KPF provides further validation of Romer’s predictions.
The interpretation of both models in this chapter closely follows the authors’ definitions of
the knowledge accumulation process. The distinction between creation and transmission of
knowledge is not explicitly made in large parts of the reviewed literature. However, the
difference between transmission that leads to human capital growth and creation that leads
to new patents is substantial, measurable and has significant economic implications.
The main conceptual vulnerability of Lucas’s approach is his assumption of constant returns
to scale in the process of human capital accumulation. This assumption cannot be justified
without the creation of new knowledge. In the long-run, transmission of existing knowledge
becomes less effective and does not sustain perpetual growth as agents have already shared
their knowledge and do not create any new knowledge to share. From this perspective,
Lucas’s concept of human capital accumulation as a process of knowledge transmission is
not consistent with his assumption of constant returns to scale in this accumulation process.
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On the other hand, the conceptual weakness of Romer’s approach is the assumption of a
fixed total stock of human capital. In contrast to Lucas’s model, this specification ignores
the transmission of knowledge between agents and its expansive effect on the stock of human
capital. Lucas’s approach has its strength in explaining short-term dynamics on the individual
level. Knowledge transmission drives individual wage growth and the accumulation of human
capital can be allocated to the individual agent as wage premia persist after the worker
changes location as shown by Edward L. Glaeser and Resseger (2010). These phenomena can
be explained in Lucas’s framework, but not in Romer’s. Romer’s model is better suited to
explain long-run aggregate growth that is driven by technological change. Evidence includes
studies on the co-movement of growth and innovation on the regional and national level such
as Bottazzi and Peri (2003) and Moreno, Paci and Usai (2005). These perspectives show,
that Lucas’s and Romer’s approaches are valid and non-exclusive. Their focus differs in
the level of aggregation and the type of knowledge accumulation. Recent economic research
has provided a large body of evidence for the relevance of transmission and creation of
knowledge. This discussion implies a fruitful avenue of future research. The integration of
knowledge transmission and creation in an endogenous growth framework is a challenge that
builds on both approaches and mitigates their respective conceptual weaknesses. However,
there are significant methodological challenges to the integration of both mechanisms into one
model. Most notably, the integration of constant growth rates in the accumulation process
of individual human capital through transmission as well as in the aggregate accumulation of
ideas produces a model without a stable growth path. More refined models of the processes
behind the accumulation of human capital and ideas are required for an interior solution in an
integrated framework. The model presented in chapter 3 captures transmission and creation
of knowledge simultaneously.
Chapter 3
Knowledge Spillovers in Cities
3.1 Introduction
The objective of this paper is to investigate the effects of two different types of knowledge
spillovers (transmission and creation) on urban productivity and city size. I present co-
authored work, which applies a search-theoretic spatial equilibrium framework to analyze
both types of knowledge spillovers from urban face-to-face interactions. In this framework,
cities give individuals the opportunity to increase their productivity through the process of
knowledge transmission (learning). The process of knowledge creation (innovation) increases
the rate of technological change in the city, which raises the productivity of each worker. The
transmission of knowledge can be thought of as the result of workers’ observation and imit-
ation of each others’ techniques. We assume that this process is facilitated when interacting
workers have a similar knowledge background. Knowledge creation results in the form of new
ideas from the combination of interacting workers’ existing knowledge. We adopt the view
of Jacobs (1968) and assume that every interaction among workers, independently of their
knowledge background, has the potential to bring about innovations. One major difference
between these two types of knowledge spillovers is apparent: Workers benefit individually
from the process of imitating other workers. The increased productivity directly leads to
higher wages. On the contrary innovations are treated as non-excludable local public good
in our model. This assumption can be justified as the contribution to the emergence of in-
novations is often not directly credited to the inventors and thus not fully compensated. The
asymmetry in compensation leads to social inefficiencies in workers’ choice of face-to-face
meetings and location.
This is the first theoretical model that incorporates both types of knowledge spillovers as
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distinct mechanisms in an urban context. We use a model economy with two asymmetric
locations, the city and the periphery. The city provides people with the opportunity to ex-
change their knowledge via local face-to-face interactions, whereas the periphery does not.
Workers in our model can choose the range of other workers in the city they are willing to
interact with in order to exchange information. Since individuals do not consider the impact
of these interactions on the rate of technological change in the economy, they only accept
a range of matches that is smaller than socially optimal.1 We also show that the resulting
suboptimal extent of knowledge spillovers generally leads to socially inefficient city sizes.
The chapter is organized as follows: Section 2 reviews the empirical and theoretical literature
on the topic of local knowledge spillovers. In section 3 the assumptions of our model environ-
ment are introduced. Section 4 presents the Steady-State Equilibrium of our model economy.
In section 5 the market outcome is compared to the outcome that results from the Social
Planner’s Problem. We further show the different types of inefficiencies that can emerge in
our model. Section 6 summarizes and concludes.
3.2 Literature Review
3.2.1 Empirical Literature
Due to the intractable nature of knowledge spillovers through face-to-face interactions, it is
difficult to measure their extent and sources. Consequently, empirical evidence on different
types of knowledge spillovers and their impact on economic growth is scarce. However, there
are a few notable contributions that find evidence on the impact of the local industry mix
on innovation and productivity growth. These results do not directly address the role of
knowledge composition that is discussed in our model. However, since industrial diversity
and diversity of knowledge in a city are closely related, we can interpret these findings as a
reasonable indication for the role of knowledge background.
Independently of the degree of urban specialization or diversification, the literature agrees on
the fact that urban density accelerates the emergence of new ideas. Both Edward L. Glaeser,
D. et al. (1992) and V. Henderson, Kuncoro and Turner (1995) provide significant results and
Carlino, Chatterjee and Hunt (2007) show that doubling urban employment density leads to
an increase of patent intensity (i.e. patents per capita) of about 20 percent. This observation
indicates that a dense urban environment causes a higher rate of face-to-face interactions and
1There is a very restricted parameter space that results in a range of matches that is larger than socially
optimal. More on that finding can be found in section 3.5.2.
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in turn the creation of more innovative output.
Similarly to the creation of knowledge, there is no doubt that urban density positively affects
the transmission of knowledge in cities as well. Since denser cities bring about more face-
to-face interactions and since knowledge is best transmitted via those real-life face-to-face
interactions, the individual productivity should be highest in those urban areas. Edward L.
Glaeser and Resseger (2010) show that per-worker productivity is strongly correlated with
urban density and hence explain that proximity facilitates the transmission of knowledge.
While the results on the impact of urban density are unanimous, there is some disagreement
in the literature when it comes to the role of specialization and diversity. The existing literat-
ure distinguishes between two different views of the world. What Edward L. Glaeser, D. et al.
(1992) call the Marshall-Arrow-Romer Model suggests that an increased concentration of a
particular industry in a city facilitates the exchange and combination of knowledge between
individuals and thus leads to the best innovative outcome. This view relies on the idea that
sharing the same knowledge background makes it easier for individuals to communicate spe-
cific problems in their field. The Marshall-Arrow-Romer Model implies that those innovative
meetings are in particular promoted by cities specialized in one specific industry, because
those cities feature more face-to-face interactions between people with a similar knowledge
background. Silicon Valley, known for its role as pioneer in computer technology is the most
famous example for such a highly specialized and innovative region, as was demonstrated by
Saxenian (1994).
In contrast, Jacobs (1968) argues that innovations can arise from every face-to-face interac-
tion, independently of the interacting individuals’ knowledge background. According to her
view the most innovative city is a place where people from all different fields of the economy
interact unrestrictedly. Therefore she favors diversified cities with no particular specialization
in one industry. Edward L. Glaeser, D. et al. (1992) quote the story of the emergence of the
financial industry in New York, where grain and cotton merchants saw the need for national
and international financial transactions. It was only that need that gave rise to the invention
of the industry of financial services.
Edward L. Glaeser, D. et al. (1992) and Feldmann and David B. Audretsch (1994) both find
empirical evidence for so called Jacobian spillovers, i.e. diversity and not specialization of
economic activities enhance growth in cities. Their contributions are discussed in section
2.4.1 of this thesis. But the literature also provides evidence for the existence of so called
Marshall-Arrow-Romer spillovers. In contrast to Feldmann and David B. Audretsch (1994)
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and Edward L. Glaeser, D. et al. (1992), V. Henderson, Kuncoro and Turner (1995) find that
Marshall-Arrow-Romer spillovers are prevalent for traditional, whereas Jacobian spillovers are
prevalent for young high-tech industries. Thus there exists no definite answer to the question
which composition of economic activities is best suited for the creation of new knowledge,
but there is support for the hypothesis that knowledge creation is at least not harmed by
urban diversity.
Besides the fact that knowledge combined in face-to-face interactions leads to the creation
of new ideas and thus to a faster rate of technological change, workers can also use these
interactions to learn from each other in order to increase their individual productivity. This
process is referred to as the transmission of knowledge. There is a wide range of empir-
ical evidence showing that cities are the places that offer the best learning opportunities for
workers. Edward L. Glaeser and Mare´ (2001) show that urban workers increase the wage
differential over non-urban workers during the time they work and live in the city. This urban
wage premium is not lost even when they move from the city to a rural area, supporting the
story of skill acquisition in an urban environment. Once workers leave the city, they keep
their skills and therefore continue to earn the same nominal wage in the rural area. Ed-
ward L. Glaeser and Resseger (2010) find that learning opportunities are especially strong in
cities with a surpassing level of skills, indicating that the contact between highly educated
individuals accelerates the accumulation of human capital. The city promoting the optimal
environment for individuals to transmit their knowledge in order to increase their productiv-
ity is different from a city promoting the optimal conditions to create new knowledge. Having
a different knowledge background might be of no harm (or even an advantage) in creating
new ideas but the pure transmission of knowledge in face-to-face interactions is clearly facil-
itated if interacting individuals have a related body of knowledge. Empirical justification for
this statement comes from Edward L. Glaeser, D. et al. (1992). They find that specialization
of a city in a particular industry leads to a significantly higher rate of wage growth in that
industry. This result can be interpreted as the outcome of better learning opportunities in
face-to-face interactions among workers with a similar knowledge background.
All these empirical observations can be summarized by three stylized facts presented in table
3.1. We use these empirical findings to make predictions about the outcome of face-to-face
interactions that we expect to predominantly happen in cities with a specific composition of
knowledge.
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Empirical Observation Prediction for f-2-f interactions
Creation and transmission of know-
ledge are positively affected by urban
density.
Dense urban areas bring about more
face-to-face interactions.
The creation of knowledge (or innov-
ative output) is not harmed by the di-
versity of industries in a city.
The creation of knowledge (or innov-
ative output) is not harmed by the di-
versity of knowledge types.
The transmission of knowledge de-
creases in diversity of industries in a
city.
The transmission of knowledge de-
creases in diversity of knowledge types.
Table 3.1: Stylized Facts
3.2.2 Theoretical Literature
The existing literature on the theoretical foundations of knowledge spillovers in cities mostly
focuses on the impact of workers’ density on productivity without further distinguishing the
underlying forms of knowledge.
An overview of important contributions by Edward L. Glaeser (1999), Peri (2001) and Davis
and Dingel (2013) is provided in section 2.3.1 of this thesis. Our work is most closely related
to Berliant, Reed III and Wang (2006). Their model of knowledge exchange via face-to-face
interactions explicitly analyzes the matching of individuals with heterogeneous knowledge
backgrounds. This approach incorporates the competing roles of similarity and diversity of
knowledge by assuming that there exists an optimal distance of knowledge types that leads
to the most efficient transmission of knowledge. With the number of meetings increasing in
density, the efficiency of learning is higher in more densely populated cities.
While all these models capture the higher rate of knowledge spillovers in cities, they focus
on the transmission of knowledge and associated buildup of individual skills. Our model
extends these contributions as it is the first to explicitly include the creation of knowledge as
a distinct process from the transmission of knowledge. This addition enriches the theoretical
analysis because the two types of spillovers differ in their dependence on knowledge similarity
and also in compensation.
3.3 Economic Environment
In this section we present the search-theoretic model of a spatial economy incorporating two
different types of knowledge spillovers (creation and transmission of knowledge). The model
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is related to the work of Berliant, Reed III and Wang (2006) and Edward L. Glaeser (1999),
but additionally incorporates the creation of knowledge (also referred to as innovative output
or innovation in the following) in the city. The basic idea is the following: Cities provide
workers with the opportunity to get into contact via face-to-face meetings. We assume
that only a dense urban environment provides the environment to engage in face-to-face
interactions, whereas a rural area does not (e.g. because the area is too spacious, meeting
points like public squares are not prevalent, etc.). In the city, workers are brought together by
a random meeting-technology, where the outcome of knowledge transmission and knowledge
creation of each interaction is influenced by the combination of the unobservable knowledge
types of the meeting partners. The partners’ knowledge type and thus the realization of the
intensity is unknown before the meeting, but revealed after a first contact. This framework
is adopted from Pissarides (2000), who uses this environment in the context of stochastic
job matches. In this type of model it is crucial to distinguish between a meeting and a
match. Whether a meeting between two workers becomes a match depends on the realized
productivity.2 Meetings with low realizations are canceled after a very first contact because
it is worthwhile to wait for a better partner (with a more adequate knowledge type) to be
matched with. We further adopt the neoclassical assumption that innovative output is freely
available to everyone in the city and workers are not fully compensated for their created
knowledge. This approach makes innovative output a local public good. Its existence gives
rise to social inefficiencies since the social benefit of generated innovations exceeds the private
benefit. Therefore workers accept only the matches that maximize their expected personal
outcome, not taking into account that each accepted match contributes to publicly available
innovations in the city.
3.3.1 Basic structure of the economy
Our model economy is populated by infinitely-lived workers. It consists of two heterogeneous
regions: The city and the periphery. Time is continuous and in each point of time workers
decide in which region to be located. All the action takes place in the city, whereas the
periphery is modeled as simple as possible. In the city, individuals have the possibility to
interact face-to-face. Living in a crowded urban environment is associated with economic cost.
Pollution, road congestion and high house prices are only a few examples for the burden of
2For the rest of the paper the label ”contact” is tantamount to ”meeting” and the label ”face-to-face-
interaction” is tantamount to ”match”.
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urban living. Each worker in the city generates congestion cost of t A 0. N denotes the
number of individuals living in the city, so the total congestion cost each worker faces upon
entering the city are tN .3 There is no crowding in the periphery, so peripheral workers do
not face any congestion cost.
3.3.2 Economic Agents
Workers are heterogeneous in their horizontally differentiated background of knowledge. The
variety of the economy’s knowledge base is displayed by a unit circle, represented in figure
3.1. The approach of using a unit circle to illustrate the economy’s knowledge base is adopted
from Helsley and Strange (1990) and was used by Berliant, Reed III and Wang (2006) and
Brueckner, Thisse and Zenou (2002) among others. Each worker is endowed with a specific
knowledge type k, which is represented by its position on the circle’s circumference K.4 The
circumference K can be interpreted as the economy’s knowledge space representing all types
of knowledge in the economy (e.g. economics, mathematics, physics, etc.). The location k >K
is drawn from a uniform distribution and exogenously assigned to each worker. In figure 3.1
knowledge type kA is assigned to worker A, whereas knowledge type kB is assigned to worker
B. The distance of kA and kB on the circumference is a measure for the horizontal difference
between two types of knowledge. There is no vertical differentiation of knowledge types, i.e.
all workers have an equal level of education. Furthermore, position k on the unit circle is only
of relevance for workers located in the city and irrelevant for workers located in the periphery
since only the city facilitates the exchange of knowledge via face-to-face interactions. Workers
are heterogeneous in knowledge background, but homogeneous in preferences.
Flow output (equivalent to flow income) y is spent on a homogeneous consumption good. We
discuss the determination of flow output y in section 3.3.4. Flow utility is linear in y, yielding
U   Uy   y. (3.1)
This implies that maximizing the level of lifetime utility is equivalent to maximizing the level
of lifetime income.
3The results of the model analysis are robust to well-established transformations of the congestion cost
function. E.g. the results stay unaltered when we use quadratic congestion costs in N , i.e. tN2. Thus we
focus on the easiest case of linear congestion costs.
4In the following, we label an individual with that characteristic as worker k.
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Figure 3.1: Knowledge Space of the Model Economy
3.3.3 Meeting Technology
The incentive for workers to enter the city is the opportunity to increase their productivity
by the exchange of knowledge. Before introducing the exact modeling strategy of knowledge
spillovers, the emergence of meetings (contacts) in the city is clarified. We apply the frame-
work of stochastic job matching used in Pissarides (2000) and assume that there exists a
well-behaved meeting function, which gives the number of contacts as a function of the num-
ber of workers searching for face-to-face interactions in the city. By using this framework, we
are able to generate a connection between the density of a city and the number of face-to-face
meetings taking place. Suppose the city is populated by N individuals. A fraction m > 0,1
of those N individuals is matched (i.e. currently has a face-to-face interaction). We denote
the number of matched individuals as M . Thus the fraction of individuals unmatched is
u   1 m and we denote the number of unmatched individuals as U , which implies that
N   M  U . It is important to distinguish a meeting (contact) from a match (face-to-face
interaction). Whether a meeting turns into a match is the decision of the individuals who
meet and depends on the potential productivity gains. We do not allow for matched workers
to search for new partners, so that only unmatched individuals are engaged in the search pro-
cess. A meeting always requires two parties, one in the first and one in the second position. In
Pissarides (2000) the number of job contacts per unit of time depends on the number of firms
in the first position and the number of unemployed in the second position. In our modeling
framework there are no firms and no unemployed. The number of job contacts is replaced
by the number of meetings as well as firms and unemployed are replaced by the number of
unmatched workers in the city. Since individuals meet symmetrically, all unmatched workers
can either be in the first or second position, thus the meeting function can be described by
C   qU,U. (3.2)
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The number of meetings per unit of time is denoted by C. Following Pissarides (2000) it
is assumed that the meeting function q is increasing and concave in both arguments and
homogeneous of degree γ A 1. The last assumption ensures that the probability of a meeting
increases with the density of unmatched workers in the city. Furthermore q is assumed to
fulfill the Inada conditions. Figure 3.2 illustrates the behavior of the meeting function.
U
C
C   qY, U   qU, Y
Figure 3.2: Meeting Technology
The meeting technology randomly selects unmatched workers from the set of possible meeting
partners U . The meeting rate (the rate at which an unmatched worker has contacts per unit
of time) is given by
µU   C
U
 
qU,U
U
. (3.3)
Using the assumption of homogeneity of degree γ A 1 we can rewrite the meeting rate µU
as
µU   qU,U
U
 
Uγq1,1
U
  Uγ1q1,1. (3.4)
In order to derive a meeting rate which is linear in the number of unmatched workers, we set
γ   2.5 The expression q1,1 determines how many contacts an individual is able to have
per unit of time and will thus be denoted as meeting intensity α in the following.6 Therefore
the meeting rate of an unmatched worker in the city can be written as
µU   q1,1U   αU. (3.5)
5This simplifying assumption is also used by Berliant, Reed III and Wang (2006).
6A value of α   0.1 indicates that during one period of time an unmatched agent can meet 10 percent of all
unmatched individuals in the city. A value of α   2 means that during the same time an unmatched individual
can talk to each unmatched individual twice.
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3.3.4 Production Technology
We keep production in the periphery as simple as possible in order to focus on the production
process in the city. Therefore we assume that the flow output of each individual living in the
periphery is equal to the constant y¯. For further simplification we set y¯   0.
All structure is put on the production technology in the city. Suppose that an individual of
knowledge type k is currently matched with an individual of knowledge type k. The flow
output of worker k crucially depends on the partner’s type k and is represented by
yk, k   A  ek, k. (3.6)
The first expression A denotes the urban total factor productivity (TFP).7 The TFP is
common to all individuals in the city. The second expression ek, k denotes the personal
effectiveness of individual k currently matched with individual k. If individual k is currently
unmatched, it has a personal effectiveness of zero and flow production is solely determined
by the TFP A. Both, the TFP A and the personal effectiveness ek, k, are influenced by
knowledge spillovers resulting from face-to-face interactions in the city.
3.3.5 Knowledge Spillovers
This section discusses the impact of the heterogeneity in knowledge types on the extent of
knowledge spillovers and clarifies the difference between knowledge transmission and know-
ledge creation.
Knowledge Transmission
The transmission of knowledge is equivalent to the intellectual exchange described in Berliant,
Reed III and Wang (2006). The heterogeneity of workers in terms of their position on
the unit circle plays a crucial role for the personal effectiveness. Consider two workers:
one endowed with knowledge type k > K, the other endowed with knowledge type k > K.
They are brought together by the random meeting technology and suppose, the two workers
both accept to be matched. The matching partners’ personal effectiveness depends on the
distance of their knowledge types k and k in the knowledge space K, measured by the
7For tractability we assume that total factor productivity is a flow value.
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Euclidean metric dk, k8 We assume that the highest degree of knowledge transmission
and thus the highest personal effectiveness is attained when the two meeting partners are
endowed with exactly the same knowledge type (k   k). In this case it is straightforward
to communicate and exchange information. They already use the same vocabulary and
techniques, so they can start exchanging knowledge and applying the gained knowledge to
attain a higher personal effectiveness right away. The assumption of decreasing knowledge
transmission with increasing diversity of knowledge types is justified by the stylized empirical
facts from section 3.2.1 about the outcome of face-to-face interactions in cities. For illustrative
purposes, one can think of two economists working in the field of urban economics. Both
use the same terminology and the same techniques and once they are matched (i.e. have a
research collaboration), they can immediately start to combine their information and become
more productive. As the knowledge distance dk, k increases, the transmission of knowledge
becomes more cumbersome. Since workers do not have a lot in common, they will have
problems understanding each others’ technical terminology and will not be able to just imitate
each others’ techniques. Thus, individuals with very heterogeneous knowledge backgrounds
have to put in a lot of effort before the transmission of knowledge can begin and once able to
communicate they will find it difficult to apply the gained knowledge in their respective fields.
Here one can think of a match between an economist and a dentist. Both will have major
problems in understanding the vocabulary and imitating each others’ techniques. Once they
have managed to communicate, it remains questionable whether they can apply the gained
knowledge in their respective occupation. The personal effectiveness ek, k can be described
through the relationship:
ek, k   e0  e1dk, k (3.7)
The parameter e0 A 0 describes the highest possible level of personal effectiveness that can
be attained. This value is achieved when the two meeting partner have exactly the same
knowledge background (k   k). The parameter e1 A 0 describes the sensitivity of knowledge
transmission to heterogeneity of knowledge types.9 10
8Distance in the knowledge space is just used as a measure for diversity of knowledge background and has
nothing to do with physical distance.
9e1   0 indicates that heterogeneity of knowledge types among individuals is irrelevant for the transmission
of knowledge and thus for the personal effectiveness. Each match between two workers, independently of the
knowledge types they are endowed with, generates the same amount of knowledge transmission. e1   ª in
turn indicates that only workers with the same knowledge background have a chance to increase productivity
through the transmission of knowledge. As soon as the knowledge types differ to a minimal extent they are
not able to communicate.
10This assumption is in contrast to Berliant, Reed III and Wang (2006). They assume that there exists
an optimal distance d A 0 between knowledge types that creates the highest possible productivity. Their
justification for this assumption is that ”when individuals are too alike, they cannot accomplish much and
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Knowledge Creation
Matches in the city not only facilitate the transmission of existing knowledge but also lead
to the creation of new knowledge that in turn raises the urban level of technology. How does
the distance between knowledge types dk, k affect the creation of new knowledge? In the
context of knowledge creation, it is not as clear that the outcome should decrease in the
distance dk, k. We can revisit the two examples from above. Two economists working in
the same field can form a research collaboration that makes both of them more productive.
Additionally they can use the research collaboration to write papers that contribute to the
creation of new knowledge. An economist and a dentist will find it very hard to apply
the gained information to increase their individual productivity. The used techniques are
too different to apply them in their respective occupation and thus we expect the extent
of knowledge transmission to be rather low. But it is possible that the combination of
their knowledge leads to the creation of new knowledge. For example they could find a
way to create a more cost-efficient treatment plan or accounting system. The impact of the
knowledge distance dk, k on the creation of knowledge is thus less clear than the impact on
the transmission of knowledge. Therefore, we are content with the weak assumption that each
match, independently of the diversity of knowledge types k and k, creates new knowledge
that contributes to the level of technology in the city. This assumption also goes in line with
the stylized empirical facts on the extent of knowledge creation in cities. Accordingly, the
creation of new knowledge ak, k by a currently matched agent with knowledge type k is
independent of his partner’s knowledge type k and always equal to a0 A 0, which can be
described by
ak, k   a0. (3.8)
We adopt the neo-classical view and assume that created knowledge is a local public good for
all individuals living in the city. In the following we make the simplifying assumption that
created knowledge is directly translated into the total factor productivity A in the city. In
each point of time the TFP is equal to the created knowledge of a matched worker (a0) times
little knowledge will be obtained”. We do not adopt this assumption because we distinguish between two
different types of knowledge spillovers, the transmission and creation of knowledge, whereas Berliant, Reed III
and Wang (2006) combine these spillovers into one effect. Once the transmission and creation of knowledge
are analyzed separately, it makes sense to assume a maximum effectiveness when agents are alike (k   k),
because the pure transmission of knowledge (in the absence of knowledge creation) is easiest when agents do
not have to overcome any knowledge barrier.
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the number of matched individuals in the city (M). Since the created knowledge is assumed
to be a local public good, it is equally distributed across all individuals living in the city (N),
regardless of whether they are currently matched or not. Therefore the relationship can be
denoted by
A  
Ma0
N
. (3.9)
The existence of a second type of knowledge spillover (i.e. the creation of new knowledge) is
a potential source for social inefficiencies. Workers choose the range of acceptable matches
in order to maximize their personal effectiveness. However, they do not consider their im-
pact on the creation of knowledge. Section 3.4 provides an extensive discussion of these
inefficiencies. Figure 3.3 summarizes the impact of the knowledge distance dk, k on the
extent of knowledge transmission and knowledge creation in urban face-to-face interactions.
In figure 3.3, a0 is displayed to be larger than e0. However, since the relation between a0
and e0 is an empirical question, our model allows for other relative configurations of a0 and e0.
e0
a0
k knowledge type (k
)
spillovers
knowledge transmission
knowledge creation
Figure 3.3: Knowledge Transmission and Knowledge Creation in f-2-f Interactions
3.3.6 Choice of the Knowledge Spread
In section 3.3.3 we introduced the meeting technology that determines the rate of contacts
an unmatched worker has during one unit of time. We derived the meeting rate µU   αU ,
which shows that the number of contacts increases linearly at rate α in the density of un-
matched individuals U in the city. What determines which meeting turns into a match and
which meeting is canceled after a first contact? Suppose we have a meeting between two
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individuals endowed with knowledge types k and k. Given the position k on the unit circle,
each individual chooses a knowledge spread δk A 0, which determines the range of workers
individual k is able to have a face-to-face interaction with. The knowledge spread δk is geo-
metrically represented by the arc around knowledge type k leading to a knowledge horizon
 k  δk~2, k  δk~2. The knowledge horizon can be interpreted as the set of disciplines, in-
dividual k has at least elementary knowledge about. This knowledge is indispensable for
individual k to exchange knowledge in face-to-face interactions with an individual of know-
ledge type k. Only if the knowledge type k is located within the knowledge horizon of k, i.e.
k >  k  δk~2, k  δk~2, a face-to-face interaction is possible. Thus extending the knowledge
horizon by increasing the knowledge spread δk means that individual k interacts with a wider
range of workers in the city.
The unit circle represented in figure 4 displays the knowledge space K. Since worker A with
knowledge type kA is located within the knowledge horizon of individual k, a face-to-face in-
teraction is possible. Individual B with knowledge type kB is situated outside the knowledge
horizon of individual k. Consequently no transmission and creation of knowledge can occur,
since worker k has no elementary understanding of B’s field of knowledge.
k
k  δk2 k 
δk
2
δk
AkA
BkB
Figure 3.4: Knowledge Horizon
As workers are ex-ante symmetric11, we only need to consider symmetric equilibria which
implies that all workers choose the same knowledge spread (δk   δ ¦k). In this case either
both individuals accept or both reject to be matched.12 In the next section we clarify how
11Knowledge types are revealed only after two workers have met, i.e. workers are heterogeneous ex-post,
but indistinguishable ex-ante.
12If worker k is not located within the knowledge horizon of k, then worker k is automatically not located
within the knowledge horizon of k.
CHAPTER 3. KNOWLEDGE SPILLOVERS IN CITIES 32
the choice of δ is determined in the market solution.
3.3.7 Expected Lifetime Utility
We determine the expected lifetime utility of a worker being currently matched (Vm) and the
expected lifetime utility of a currently unmatched worker (Vu). The value of being matched
depends on the knowledge types of individuals currently having a face-to-face interaction and
on the number of unmatched workers in the city U . Thus we have Vm   Vmk, k, U. Since
an unmatched individual of knowledge type k has currently no face-to-face interaction, its
expected lifetime utility only depends on its own knowledge type k and and the number of
unmatched individuals U , yielding Vu   Vuk,U.
There exists an exogenous separation rate λ A 0, at which ongoing face-to-face interactions
are split up. This separation rate results from idiosyncratic shocks that arrive to interactions
at rate λ. Furthermore, we assume a perfect capital market, in which assets can be traded
over time at the exogenous interest rate r A 0.
The value of a match between workers k and k, given a number of unmatched individuals
U , satisfies the following Bellman Equation:
rVmk, k, U   A  ek, k´¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¸¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¶
yk,k
λVuk,U  Vmk, k, U (3.10)
The value of being matched with worker k can be interpreted as an asset held by worker
k. Given perfect capital markets, the left hand side (capital cost of the asset) has to equal
the right hand side (rate of return on the asset). A currently matched worker of knowledge
type k has flow income yk, k   A  ek, k as long as he stays matched with worker k.
The state changes from matched to unmatched at the exogenous separation rate λ with an
associated net return of Vuk,U  Vmk, k, U.
The value of worker k being unmatched at a given number of unmatched individuals U in
the city, satisfies the following Bellman Equation:
rVuk,U   A  αU
k δ
2
S
k δ
2
Vmk, k, U  Vuk,Udk (3.11)
As above, the value of being unmatched can be interpreted as an asset held by worker k
and with perfect capital markets the left hand side equals the right hand side. The first
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term on the right hand side is the flow of total factor productivity in the city. The meeting
rate µU   αU gives the number of contacts an individual has during one unit of time.
Only individuals with a knowledge type k >  k  δ~2, k  δ~2 are accepted for a face-to-face
interaction.13 The term inside the integral can be interpreted as the net return from changing
the state from being unmatched to being matched with a worker of knowledge type k.
There are two opposing effects to take into account when worker k chooses the knowledge
spread δ. First, increasing the knowledge spread δ extends the knowledge horizon. Thus
worker k has face-to-face interactions with a wider range of individuals in the city which
increases the probability of turning a meeting into a match. On the other hand, increasing
the knowledge spread δ also decreases the expected quality of the partners, k accepts for
face-to-face interactions, i.e. individual k also enters matches with individuals that have not
much in common with him. This diminishes the transmission of knowledge as individual k
may be stuck with a bad match.14 The opportunity cost of a bad match is the possibility of
interacting with more adequate partners in the meantime.
We now compute the rate of face-to-face interactions per unit of time. As a fraction δ of all
meeting partners are accepted for a face-to-face interaction, the number of matches pU per
unit of time is given by
pU   µUδ   αδU, (3.12)
where αδ can be interpreted as the matching intensity. The matching rate linearly increases
in the density of unmatched individuals U . When workers decide where to locate they use
the value of being unmatched (Vu) as their benchmark.
15 Using the fact that the distribution
of knowledge types on the unit circle is uniform yields that the expected distance from a
matched partner’s knowledge type is δ~4. Therefore the value of being unmatched Vu can be
written as
Vuδ,U   A
r

αδU
r  λ  αδU
e0  e1
δ
4
r
. (3.13)
The first term on the right hand side (A~r) is the lifetime income generated from the total
factor productivity (TFP). Since A is a local public good, worker k can make use of it in-
dependently of being currently matched or not. The second part of the second term on the
right-hand side can be interpreted as the expected income premium an individual gets if it
is consistently matched compared to being consistently unmatched. Since individual k is not
13Other partners are not accepted, because worker k is not able to exchange knowledge with them.
14It is a bad match from the perspective of worker k. It might be a good match for the economy (or city)
as a whole, since new knowledge is created.
15This is the state in which they enter the city.
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matched all the time this expected income premium is discounted. The discount rate (first
part of the second term) can be interpreted as discounted matching rate.16
3.4 Equilibrium Analysis
In this section, we establish the symmetric Steady State Nash Equilibrium. The equilibrium
is defined by the workers’ choice of knowledge spread δ, the number of unmatched individuals
in the city U and the resulting city size N .
3.4.1 Steady State Population
The Steady State Equilibrium requires the number of matched and unmatched workers in
the city to be constant over time. In the symmetric case, this relationship implies that the
flows into and out of the pool of unmatched workers have to equal.
αδU±
flow out of the pool of
unmatched individuals
  λM   λN U´¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¸¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¶
flow into the pool of
unmatched individuals
(3.14)
Using this identity, we can derive the number of unmatched individuals in the city as an
implicit function of the total city population N in steady state:17
U  
λ
λ  αδU
N (3.15)
3.4.2 Steady State Equilibrium
Workers choose the optimal knowledge spread δ by maximizing expected lifetime utility in
the city. The optimal knowledge spread δ is determined by the trade-off between increas-
ing the probability of having face-to-face interactions and increasing the expected extent of
knowledge transmission during a match. Once the optimal knowledge spread δ is chosen,
individuals move to the city until the levels of lifetime utility in the city and the periphery are
equalized and no incentive for moving between the two locations exists (Spatial Equilibrium).
Together with equation 3.15 the equilibrium values N and U are determined. The Steady
State Equilibrium, which we will also refer to as Market Solution in the remainder of the
16It is the matching rate M
N
with the interest rate r in the denominator.
17This expression is analogous to the Beveridge Curve in Labor Market Theory.(Pissarides (2000))
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text, is defined as follows:
Definition 1: Steady State Equilibrium
The Steady State Equilibrium is an allocation δ, U,N that satisfies the following con-
ditions:
(1) Workers maximize expected lifetime utility by choosing their knowledge spread δ: δ  
argmaxδ Vuδ,U.
(2) The level of lifetime utility in the city equals the level of lifetime utility in the periphery:
Vuδ, U  tN   0.
(3) The condition for Steady State population is satisfied: U  
λ
λ  αδU
N.18
Workers do not consider the impact of their choice of knowledge spread δ on the steady state
population of unmatched individuals, which gives rise to an inefficiency, that we will refer to
as matching externality in the following.
Furthermore, workers do not consider their impact on the local flow of innovation, instead
they choose their individual knowledge spread δ to maximize their expected lifetime utility
from personal effectiveness. We will refer to this inefficiency as innovation externality.19
Consequently, their choice of δ satisfies the following first order condition:
∂Vu
∂δ
  δ2 
2r  λ
αU

δ 
2e0
e1

   0 (3.16)
This condition implicitly defines the equilibrium knowledge spread as a function δU. In
the following, we will refer to this condition as the knowledge spread condition KS. We
see from KS, that the larger the number of unmatched individuals in the city U , the lower
the choice of the knowledge spread δ. Intuitively, this follows from the positive impact of
population density on the matching rate, which allows workers to be more picky regarding
their interaction partners. This relationship leads to a downward sloping KS-locus in figure
5.
In spatial equilibrium, the levels of lifetime utility have to equalize across locations, such that
incentives for relocating disappear. In the context of our model, this definition implies that
workers move to the city until the attainable expected lifetime utility in the city Vu  tN
18Conditions (1) and (2) determine the allocation δ, U, condition (3) automatically determines N.
19Both, the matching and innovation externality are discussed extensively in section 3.5.
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equals lifetime utility in the periphery (0). Therefore the number of unmatched workers living
in the city is determined by the following condition:
αδU
λ  αδU
a0
r´¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¸¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¶
A~r

αδU
r  λ  αδU
e0  e1
δ
4
r
´¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¸¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¶
Vuδ,U
 tN   020 (3.17)
By making use of the steady state population condition, the equilibrium number of unmatched
individuals in the city as a function Uδ is defined. In the following, we will refer to this
relation as the equilibrium entry condition EE.
The influence of the knowledge spread δ on equilibrium population N is twofold. An increase
in δ raises the matching rate, but also diminishes the average extent of knowledge transmis-
sion. This interaction between knowledge spread δ and equilibrium population N leads to a
hump shaped form of the EE-locus in figure 3.5.21
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Chosen parameter values: α   0.2, r   0.2, λ   0.15, e0   1, e1   6, a0   1, t   0.5.
δ, U,N   0.265,3.409,7.516
Figure 3.5: Steady State Equilibrium
A Steady State Equilibrium emerges for the values of knowledge spread and unmatched
workers δ;U in the intersection point of the KS- and the EE-locus as depicted in figure
5. Given the values of δ and U, equation (15) determines the value of N. Using the
arbitrarily chosen parameter values in the example above, we derive δ   0.265, which means
21Figure 3.5 shows a hump shaped relationship between δ and U . This coherence automatically implies a
hump shaped connection between δ and N .
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that in Steady State individuals living in the city accept to have face-to-face interactions
with 26.5 percent of meeting partners. The size of the city is N   7.516 with U   3.409
individuals being unmatched.
3.5 Social Inefficiencies
3.5.1 Social Planner’s Solution
The previously discussed Steady State Equilibrium gives rise to various inefficiencies. In the
following, we will explore the extent and the interactions of those externalities in more detail
to assert the social inefficiency of our model economy. In order to do so, we will compare the
equilibrium conditions with the optimal choice of a social planner who chooses the knowledge
spread δ and the population allocation N simultaneously.
Our model contains three sources of externalities: Congestion externalities arise because in-
dividuals do not consider the impact of their location decision on congestion costs. Entering
the city bears costs t A 0 for every worker living in the city. Matching externalities arise
because individuals do not consider the impact of their choice of the knowledge spread δ on
the mass of unmatched workers. Most prominently in our model, innovation externalities
arise, because individuals do not consider the impact of their choice of the knowledge spread
on innovations and thus on the TFP A in the city. The Definition of the Social Planner’s
solution to our model is as follows:
Definition 2: Social Planner’s Solution
The Social Planner’s Solution is an allocation δˆ, Uˆ , Nˆ that satisfies the following conditions:
(1) The Social Planner chooses the knowledge spread and the number of unmatched workers
in the city simultaneously in order to maximize the expected lifetime utility of a worker
living in the city: δˆ, Uˆ > argmaxδ,U Vuδ,U.
(2) The condition for Steady State population is satisfied: Uˆ  
λ
λ  αδˆUˆ
Nˆ .
The exact optimality conditions are stated in the appendix. We focus on the effects the
Social Planner takes into account when choosing the knowledge spread and the population
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allocation. First, the optimality condition for the knowledge spread:
∂Vu
∂δ
 
∂A
∂δ°
innovation extern.
A 0

∂A
∂U
∂U
∂δ´¹¹¹¹¹¹¹¹¹¸¹¹¹¹¹¹¹¹¹¹¶
matching extern.
@ 0

∂e
∂δ

∂e
∂U
∂U
∂δ´¹¹¹¹¹¹¹¹¹¸¹¹¹¹¹¹¹¹¹¹¶
matching extern.
A 0
  0 (3.18)
The matching externalities lead to an equilibrium knowledge spread that is larger than socially
optimal. Individuals are too broad in their acceptance of partners, because they do not
consider that they prevent potentially more productive matches by lowering the mass of
unmatched workers.
The innovation externality leads to an equilibrium knowledge spread that is smaller than
socially optimal. The knowledge spread is too narrow as individuals do not consider the
innovative output of interactions with diverse knowledge types. Depending on the relative
importance of these externalities, it is possible that workers are either too picky or too
generous in their choice of partners. In the following analysis, we will focus on the case of a
sufficiently important role of innovations such that the innovation externality outweighs the
matching externalities and the equilibrium knowledge spread is smaller than socially optimal.
The impact of the inefficiencies on location decisions is explored in reference to the planner’s
optimality condition for population allocation: The social planner chooses U such that net
lifetime utility for the representative worker in the city is maximized, implying the first order
condition:
∂Vu
∂U
 
∂A
∂U

∂e
∂U
 t
∂N
∂U
  0 (3.19)
For the case of a smaller than socially optimal equilibrium knowledge spread, the inefficiencies
in equilibrium location decisions are again twofold: First, the congestion externality leads to
a larger than socially optimal city size as workers do not consider their impact on city-wide
congestion costs. Second, the inefficient choice of δ leads to diminished agglomeration forces
as knowledge spillovers do not reach their optimal extent. This inefficiency leads to smaller
than socially optimal cities.
In summary, equilibrium choices of δ and N are generally inefficient. The direction and extent
of the inefficiencies depend on the relative importance of innovation for the choice of δ and
the importance of overall knowledge spillovers for the choice of N .
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3.5.2 Existence of inefficiency patterns
Depending on the parameter configuration, we find three distinct patterns of inefficiency in
workers’ choices of knowledge spread and location in the market equilibrium relative to the
Social Planner’s solution: Overselectivity and Underpopulation, Overselectivity and Over-
population as well as Underselectivity and Overpopulation. In the following, we verify the
existence of these inefficiency patterns by construction.
Case 1: Overselectivity and Underpopulation
The first of these cases is marked by excessively narrow knowledge spreads and too small cities
in the market equilibrium. Overselectivity can be explained by the relatively large import-
ance of innovation, which workers do not take into account. Underpopulation directly follows
from the significant overselectivity in this case, which does not allow the agglomeration force
of innovation to develop its full extent. An example for the resulting market equilibrium and
social planner allocations are depicted in figure 3.6 below.
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Figure 3.6: Case 1: Overselectivity and Underpopulation
Case 2: Overselectivity and Overpopulation
The case of overselectivity and overpopulation in the market equilibrium is similarly driven
by an innovation externality. However, in this case, overselectivity is not as pronounced and
therefore the interplay of matching and congestion externality leads to overpopulation as
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illustrated below.
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Figure 3.7: Case 2: Overselectivity and Overpopulation
Case 3: Underselectivity and Overpopulation
In the third case of our equilibrium analysis, underselectivity and overpopulation are preval-
ent in the absence of innovation (a0   0). As the innovation externality is zero in this case, the
matching externality leads to chosen knowledge spreads that are larger than socially optimal.
The interplay with congestion externalities again leads to overpopulation.
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Figure 3.8: Case 3: Underselectivity and Overpopulation
In summary, these results highlight the relevance of the agglomeration force of innovation
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in our model. If the role of innovation is sufficiently important, we find that workers are
too picky in the choice of their interaction partners. Depending on the magnitude of this
externality, cities can be smaller or larger than socially optimal.
If innovation is irrelevant however, we find excessively large knowledge spreads due to the
matching externality and cities that are larger than socially optimal.
3.5.3 Predicted Inefficiency Pattern
While the preceding section established the existence of three distinct patterns of inefficiency,
we now determine which of these patterns is the most empirically relevant. In order to do
so, we calibrate our model’s key parameters from existing empirical work. Our goal is not to
exactly quantify the effects, but rather to establish the model’s qualitative predictions.
The key parameters of our model are the ones that govern the relative importance of know-
ledge creation and transmission, i.e. e0, e1 and a0. It is impossible to measure the parameters
directly as the effect of knowledge transmission on productivity is not directly observable.
However, observed urban wage premia can be used as an approximation to their respective
impact. We interpret measurements of static urban wage premia as an approximation for the
role of the technology level and measurements of dynamic wage premia as an approximation
for the role of learning. This interpretation follows the logic, that workers immediately bene-
fit from the higher technology level upon moving to the city, while the buildup of know-how
happens over time. For the qualitative predictions of our model, it is the relative importance
of innovation and learning that is crucial. Recent studies from Carlsen, Rattso and Stokke
(2013), D’Costa and Overman (2014), De la Roca and Puga (2014) all find that the static
wage premium is more pronounced than the dynamic wage premium. Carlsen, Rattso and
Stokke (2013) quantify the share of the static premium in urban lifetime earnings premia
as 2~3 while the remaining 1~3 stems from dynamic premia. Controlling for observable and
unobservable individual characteristics, they find the static premium for Norwegian urban
workers to be 3.3%. Accordingly, we set our parameter a0 to 0.033. The value of the dynamic
premium from learning is consequently set to 0.0165. This value corresponds to e0  e1δ~2 in
our model. We normalize e0  e11~2   0. As δ is an endogenous variable, we cannot uniquely
determine e0 and e1, a reasonable parameter configuration in line with the previous findings
is to set e0   0.02 and e1   0.04.
The qualitative predictions of the model are less sensitive to the remaining parameters as
CHAPTER 3. KNOWLEDGE SPILLOVERS IN CITIES 42
long as their magnitude is broadly in line with reality. The parameters of the arrival and
separation rate of matches in our model are chosen in line with the literature on matching
in the labor market. Following Hobijn and Sahin (2009), we set the arrival rate α   0.3 and
the separation rate λ   0.05. Interest rate r is set to 0.01 and congestion costs t   0.1.
For this parameter configuration, the resulting equilibrium pattern as depicted in figure 9 is
marked by overpopulation and overselectivity. Thus our model predicts that workers choose
a range of interaction partners that is too narrow and that city size is larger than socially
optimal. This qualitative pattern is robust to parameter configurations that are in line with
the existing literature on urban wage premia and matching rates.
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Figure 3.9: Predicted Inefficiency Pattern
3.6 Discussion
The aim of this chapter is to develop a spatial model that explicitly incorporates two dif-
ferent types of knowledge spillovers (the creation and transmission of knowledge) in cities
and to show how they affect the migration decision of individuals. We use the framework
of stochastic job matching from Pissarides (2000) and apply it in the context of urban face-
to-face interactions. Our model economy incorporates two asymmetric locations: The city
and the periphery, where only the city provides individuals with the opportunity to exchange
knowledge via face-to-face interactions. In each point of time, workers decide where to be
located. Furthermore, workers in the city decide over the range of individuals they are willing
to interact with. The intensities of knowledge creation and knowledge transmission in those
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interactions depend on the similarity of knowledge background of the interacting individuals:
First, the individual buildup of skills through knowledge transmission increases in the sim-
ilarity of knowledge backgrounds. And second, the creation of knowledge is independent of
knowledge backgrounds.
The market solution exhibits three sources of inefficiencies. Since created knowledge is a local
public good in the city, workers only focus on the buildup of their personal skills when decid-
ing about the range of individuals they accept to be matched with (innovation externality).
Congestion externalities arise because individuals do not consider the impact of their location
decision on city-wide congestion costs. Matching externalities arise because individuals do
not consider the impact of their choice of the knowledge spread on the mass of unmatched
individuals.
Depending on the parameter values, we find that workers choose a range of matching part-
ners that can be smaller or larger than socially optimal. The more important the role of
knowledge creation in face-to-face interactions, the more likely it is, that the chosen range of
interaction partners is smaller than socially optimal. This means that people overestimate
the importance of interacting with other individuals having a relatively similar knowledge
background.
The interplay of agglomeration and dispersion forces determines the allocation of people
in spatial equilibrium. Moving to the city provides the chance to benefit from knowledge
spillovers in face-to-face interactions. However, these face-to-face interactions come at the
price of urban congestion costs. The model analysis shows that the inefficient decision on the
range of individuals to interact with also leads to socially inefficient city sizes. Depending on
the chosen parameter values the model’s equilibrium city size can be smaller or larger than
socially optimal.
For parameter values based on the existing empirical literature on urban wage premia and
matching, we find that workers are too picky in their choice of partners and the resulting city
size is larger than socially optimal.
Chapter 4
Proximity Dimensions and
Innovation
4.1 Introduction
This chapter focuses on the spatial interdependence of innovation and uses 236 European
regions at the NUTS2-level as units of analysis to examine the mechanisms that drive local
innovation. I use the number of patent applications attributed to local inventors as the meas-
ure of local innovative output.
The framework builds on a knowledge production function which defines the local number
of ideas as a function of local R&D spending and the level of the human capital stock. In
addition to these internal inputs, the spillover of ideas from neighboring regions is captured
by including the distance-weighted innovative output of other regions as external input to
knowledge production.
Building on Bottazzi and Peri (2003), I examine the effect of geographical distance on the
exchange of knowledge between regions. I also analyze the effect of technological similar-
ity of the regions’ industries. The model predicts that inventors from nearby regions with
similar technological background are more likely to exchange knowledge with local inventors
as more frequent face-to-face interactions and easier transmission of non-codified knowledge
drive knowledge spillovers. A theoretical analysis investigates the connection of the know-
ledge production function to growth theory. I explore spatial patterns in the data and define
the regions’ position in technological space. My exploration of the data shows strong evidence
for spatial clustering of innovative activity which confirms the findings in previous literature.
This chapter further sheds light on the spatial clustering of innovations as I empirically ad-
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dress the question how the two dimensions of distance impact local innovative output when
simultaneous effects are considered. By including geographical distance and technological
distance in a simultaneous regression, I explore whether effective exchange of ideas requires
the involved regions to be geographically and technologically close or inventors overcome
greater distance in one dimension if they are sufficiently close in the other dimension.
I use the reduced form of the knowledge production function to estimate a spatial-autoregressive
regression with autoregressive disturbances (SARAR). A feasible generalized spatial two-stage
least squares (FGS2SLS) estimation strategy is used in order to identify the key parameters
of interest which measure the spatial dependence of innovation along the two dimensions of
distance. I consider alternative internal inputs as well as alternative specifications of the
spatial weight matrices. A simultaneous estimation of both proximity dimensions provides
insights into the interplay of geographical and technological proximity.
The main results show that internal inputs such as R&D spending and human capital as well
as both geographical and technological proximity have a significantly positive impact on local
innovative output. The evidence for these spillovers is robust to the introduction of alternat-
ive inputs and modifications to the spatial weight matrices. Furthermore, the simultaneous
estimation of both proximity dimensions indicates that the role of technological proximity is
more important and provides preliminary evidence that geographical and technological prox-
imity complement each other in the facilitation of inter-regional spillovers.
The remainder of this chapter is organized as follows: Section 2 summarizes the related lit-
erature, section 3 describes the estimation strategy. The dataset is explored in section 4 and
section 5 discusses the main results of the empirical analysis. Section 6 discusses the chapter’s
main insights.
4.2 Literature Review
A large body of literature investigates the existence and extent of spatial knowledge spillovers.
These studies provide insights into the role that proximity plays in innovative spillovers and
which forms of proximity are relevant to facilitate these spillovers. In the following, I briefly
outline relevant literature and describe my own contributions in this context. The found-
ations of the knowledge production function and its early applications by Griliches (1979),
Pakes and Griliches (1984), Adam B Jaffe (1989) are reviewed in section 2.3.2 of this thesis.
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In a more recent contribution, Autant-Bernard (2001) examines data from French regions
in the framework of the knowledge production function with attention to geographical and
technological spillovers. He conceptualizes spillovers as an external stock of knowledge and es-
timates spillover effects along each of the two dimensions. Significant externalities occur with
stronger evidence in the technological dimension than in the geographical dimension. The
results also indicate that human capital is the primary mediator of these externalities. This
chapter follows the research line of Bottazzi and Peri (2003), Moreno, Paci and Usai (2005)
and Paci, Marrocu and Usai (2014), who apply the concept of the knowledge production func-
tion to investigate innovative spillovers between European regions. Their contributions are
summarized in section 2.4.2 of this thesis. Another active strand of literature focuses on the
differentiation of the economic concept of proximity. In addition to the traditional approach of
analyzing the role of geographical distance, researchers explore other forms of proximity such
as cognitive, organizational, social or institutional ties between agents. The French School
of Proximity includes numerous studies that emphasize the relevance of these non-spatial
proximities. An exemplary contribution that summarizes this school of thought is Gilly and
Torre (2000). This theoretical exploration focuses on the intersection of industrial and spatial
economics. Main areas of research in the theoretical differentiation of proximity dimensions
are defined. The research group investigates various forms of interactions between agents on
the individual and institutional level and in particular the role of geographical proximity and
organizational proximity. Boschma (2005) provides a theoretical foundation to investigate
the interplay of these different proximity dimensions in the innovative process. The author
establishes that the analysis of geographical proximity’s impact leads to biased results when
the other dimensions are ignored. Geographical proximity is neither necessary nor sufficient
for knowledge transmission. Boschma develops a clear definition for each of the proximity
dimensions in order to be able to isolate their effects analytically. Furthermore, he finds
that too much proximity may be harmful to innovation due to a lock-in effect that reduces
openness to non-local ideas. The author also notes the importance of the dynamic aspects
of the proximity dimensions’ interplay as geographical proximity may strengthen the other
proximity dimensions over time. Carrincazeaux and Coris (2011) provide an excellent review
of the most important findings that support the crucial role of social and institutional ties in
knowledge exchange. Mattes (2012) finds in a theoretical exploration, that there are import-
ant interactions between the different dimensions of proximity in the innovative process and
predicts a complementary role of geographical and technological proximity. As established by
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Boschma (2005), the isolated effect of geographical proximity is small, but it is of importance
in strengthening the other forms of proximity. The theoretical differentiation of the dis-
tinct proximity dimensions has inspired a growing number of empirical studies with the goal
to capture and disentangle the spillover effects along each proximity dimension. The main
empirical challenges in the investigation of spillovers across regions are the measurement of
the respective proximity dimensions, the correct specification of the associated spatial weight
matrix and the isolation of the spillover effects from other spatial correlations. Various spatial
econometric tools have been applied in order to deal with these challenges. Lacombe (2004)
first introduced a modification to the econometric approach in a labor market context. The
introduction of two weight matrices allows for the simultaneous estimation of the impact of
two distinct treatment effects. This approach is the foundation for the estimation of local
innovative output and its simultaneous spatial dependence in different proximity dimensions.
The application of spatial auto-regressive modeling techniques to the various proximity di-
mensions and their respective properties is investigated by Corrado and Fingleton (2011).
They argue for the modeling of spatial dependence in the error term through a spatial auto
regressive model with auto-regressive disturbances (SARAR). The feasible generalized spatial
two-stage least squares (FGS2SLS) is established as the most effective estimation method.
Carboni (2013) applies the SARAR to firm-level data to investigate inter-industrial spillover
effects on R&D spending. Proximity is here measured as a firms’ industrial distance which
is defined by the trade intensity between sectors. The author finds evidence for the existence
of R&D spillovers between neighboring industries. Paci and Usai (2009) examine innovat-
ive spillovers measured by patent citation flows between European regions. Their approach
refines the spatial weight matrix as it weighs geographical distance with a set of other spa-
tial control variables such as country affiliation and economic conditions. The results show
that knowledge spillovers are more pronounced between geographically close regions with
particularly high knowledge flows between neighboring regions and regions within the same
country. Parent and LeSage (2008) provide another study that exploits variations in patent
activity between European regions in order to measure innovative spillovers. This approach
exploits the fact that inter-regional relationships may exhibit industry-specific technological
linkages or transportation network linkages, which is in contrast to traditional studies rely-
ing exclusively on geographical proximity. A series of formal Bayesian model comparisons
provides support for a model based on technological proximity combined with spatial prox-
imity, asymmetric knowledge spillovers, and heterogeneity in the disturbances. Estimates
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of region-specific latent effects parameters structured in this fashion are produced by the
model and used to draw inferences regarding the character of knowledge spillovers across the
regions. The method is illustrated using sample data on patent activity covering 323 regions
in nine European countries. Harris, Moffat and Kravtsova (2011) provides a comprehensive
investigation of the prevalent specifications of the spatial weight matrix in spatial analysis.
He argues that traditional approaches carry the risk of misspecification as they ignore en-
dogeneity concerns and the impossibility to define the spatial dependence correctly a priori.
More sophisticated strategies are proposed, including Bayesian, non-parametric and iteration
techniques. The author illustrates the sensitivity of spatial spillover estimations to different
specifications of the weight matrix. My analysis follows the approach of this strand of lit-
erature and applies the knowledge production function to describe innovative output on a
regional level. I use spatial autoregressive models in order to find a measure of innovative
spillovers between European regions along the geographical and technological dimension. My
analysis confirms previous findings on the relevance of each proximity dimension for detailed
current data from 236 European regions. I find that these results are robust to alternative
measures of the internal inputs to knowledge production and alternative specifications of
spatial weights. A further contribution of my work is the simultaneous estimation of the
impact of geographical and technological distance and their complementarity in facilitating
innovative spillovers.
4.3 Methodology
The theoretical foundation of this analysis stems from the knowledge production function
which is a generalization of Romer (1990)’s production function in endogenous growth the-
ory. Romer establishes a Cobb-Douglas function with inputs of human capital, physical labor
and physical capital. Endogenous growth is determined by the technological level A, which
describes the stock of designs of durable goods. The evolution of A depends on a productivity
parameter, the share of human capital allocated to research and the access to existing ideas.
1
Bottazzi and Peri (2003) extend Romer’s approach by refining the process of technological
1For expositional purposes, the theory behind the KPF framework is laid out in the appendix.
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growth. The growth of ideas is defined as innovative output, which depends on local human
capital and R&D spending. Most importantly, their framework also considers the impact of
spillovers from neighboring regions’ innovative activity. This extension enables the analysis
of the spatial component of technological growth in regions.
In order to do so, the Cobb-Douglas Knowledge Production Function (KPF) is specified with
R&D spending and the stock of human capital as internal inputs and distance-weighted in-
novative activity from neighboring regions as external input.
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log-linearizing yields
inni   β1rdi  β2hci 
K
Q
kxi
λdistanceinnj  γ controlsi  i (4.2)
where inni is innovative output, rdi is expenditure on R&D and hci is a measure of the
human capital stock in region i. λdistance is a function of the distance between two
regions and controlsi denotes further economic and demographic variables that affect local
innovative output. The parameters β1 and β2 capture innovation’s elasticities to the internal
inputs R&D spending and human capital stock. The parameter value of λ is central to the
spatial component of the model and measures the impact of proximity in innovative spillovers
between regions. A positive value for λ indicates that closer regions contribute more spillovers
to local innovation.
4.3.1 Spatial-autoregressive Model with Spatial Spillovers
The log-linearized form of the KPF is the foundation for the following empirical analysis. The
innovative impact of internal factors can be captured by a linear regression. In order to incor-
porate the distance-weighted innovative output from neighboring regions as an explanatory
variable, the regression model includes a spatially autoregressive component. Additionally,
spatially autoregressive errors capture residual spatial patterns that cannot be explained by
innovative spillovers. The Spatial-Autoregressive Model with spatial-autoregressive disturb-
ances (SARAR) is characterized by the following system of equations:
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y   λWy Xβ  u (4.3)
u   ρWu   (4.4)
where y is the vector of innovative output, X is the matrix of internal inputs and W is the
spatial weight matrix.
The Spatial-autoregressive model captures knowledge spillovers between regions as spatial
dependence in the number of patent applications y measured by the parameter λ. In the
baseline model, the spatial weight matrix W contains the inverse of the geographical distance
between the centroids of each pair of regions. This specification relies on the assumption that
geographical distance alone determines the intensity of knowledge flows between regions.
W is defined as
W  
<@@@@@@@@@@@@@@>
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. . .
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where disti, j refers to the geographical distance between the centroids of regions i and j.
Internal inputs to innovation are represented by the matrix X which includes overall R&D
expenditure per capita and the share of tertiary educated as a measure of the human capital
stock in each region.
The specification further allows for spatially dependent errors u, where ρ captures the spatial
dependence and  is an i.i.d. error term. Introducing spatially dependent disturbances avoids
that the estimate of λ is inflated by spatial concentration of economic activity that leads to
clustering of innovations and is not captured by the internal inputs.
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4.3.2 Spatial-autoregressive Model with Spatial and Technological Spillovers
Introducing a second weight matrix yields the modified system of equations:
y   λWy  λTWTy Xβ  u (4.5)
u   ρWu  ρTWTu   (4.6)
where W refers to the first weight matrix, which contains the inverse of the geographical
distances and WT refers to the second weight matrix containing the technological distances.
λ and λT measure the spatial dependence of patent applications along the geographical and
technological dimension respectively.
This specification allows for the simultaneous estimation of spillover effects and therefore gives
us an indication of the interplay and relative importance of geographical distance versus cog-
nitive distance in knowledge transfers.
While the baseline model explains the intensity of knowledge flows by geographical distance
exclusively, another driving force behind increased transfer of knowledge between neighbor-
ing regions is their proximity in cognitive background. Disentangling these two effects is the
purpose of this modified specification. Similarly to the baseline model, spatial dependence
along both dimensions is captured in order not to inflate the estimates for knowledge flows
by the effects of other aspects of spatial concentration.
The position of a region in technological space is based on the distribution of its’ patent ap-
plications into the eight sections of the International Patent Classification (IPC). The vector
Ti contains the share of innovative output in region i for each of the technological sections.
Technological proximity between two regions is determined by the angular separation of their
technology vectors.
Accordingly, technological proximity Pi,j between regions i and j can be written
Pi,j  
TiT

j TiT i TjT j0.5
where Pi,j is bounded between 0 and 1. A measure of 0 indicates orthogonal technology
vectors and thus minimal technological proximity and a measure of 1 indicates identical tech-
nology vectors for both regions.
These pairwise measures of technological proximity are captured in the technological weight
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matrix WT.
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4.4 Data
The following empirical analysis is based on data from the European Patent Office (EPO)
and EUROSTAT for 236 European regions at the NUTS2-level. I include all EU28-regions
that report patent activity and have at least one neighboring European region.
Innovative output is measured as the number of patent applications normalized by local GDP
in each region, where each patent is allocated to the first inventor’s region of residence. I
use the average number of patents by priority year for the years 2010-2012. The variable is
smoothed in order to decrease the results’ sensitivity to short-term fluctuations in the num-
ber of patent applications because these fluctuations are quite pronounced at the regional
level. The explanatory variables are based on measures from EUROSTAT. R&D spendings
per capita are used as the first input into the regional KPF. The human capital stock for
each region is measured as the share of tertiary educated. The vector of control variables in-
cludes the population density in order to account for agglomeration economies. Furthermore,
I consider the local share of per capita output in the manufacturing sector as an indicator of
the local industry structure. The share of employment in the science and technology sectors
is considered as an alternative measure of the human capital stock.
All explanatory variables are also smoothed and the lagged average measures for the period
2007-2009 are used in order to mitigate endogeneity issues.
Geographical distance is measured as the plane distance between the centroids of each pair
of regions.
Descriptive statistics for the dependent and explanatory variables are provided in table 4.1.
The empirical analysis exploits the inter-regional variation in the number of patent applic-
ations. There is substantial variation between the observed regions, ranging from around
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Table 4.1: Summary Statistics
Variable Mean Std. Dev. Min. Max. N
pat avg 155.203 136.902 5.044 627.649 236
rd 724.041 635.255 19.3 4342.4 236
hc 29.176 8.228 12.2 51.2 236
manu 0.165 0.059 0.047 0.346 236
pop dens 425.322 818.193 3.3 7131.1 236
5 patents per year in Slaskie, Poland to over 627 patents per year in Stuttgart, Germany.
Figure 4.1 maps patent intensity for the observed NUTS2-regions in 2012.
The map clearly shows a pattern of regional clusters in patent applications. Particularly
innovative clusters are located in the southern part of Germany, Scandinavia and the United
Kingdom. On the other side of the spectrum, less innovative regions are clustered in the east-
ern and south-western parts of Europe. However, this regional clustering of patent activity
alone is not evidence for knowledge spillovers between regions. The spatial pattern could also
be explained by clustering in underlying factors such as human capital and R&D spendings.
The regional pattern of R&D intensity as depicted in Figure 4.2 displays notable similarit-
ies to the distribution of patent activity. Scandinavia, England, Germany and the southern
part of France stand out as high-investing regions, while Spain, Italy and eastern Europe
invest substantially less. There is a visible correlation between high investing regions and
high innovations regions. However, innovative activity exhibits a stronger pattern of regional
clustering. Compared to R&D investments, neighboring regions are more closely connected
in the level of innovative output. While there is a regional pattern in R&D as well, there
are also various neighboring regions with vastly different levels of investment. A preliminary
conclusion is that R&D spending can explain part of the innovation clustering, however it
does not explain the full extent of this spatial pattern. This relationship is reflected in the
correlation coefficient between patent activity and R&D intensity of 0.74.
Human capital is measured as the share of tertiary educated in the age group from 30-34.
There is no strong clustering in this measure of the human capital stock. The share is highest
in Scandinavia, the United Kingdom and the baltic states. Lower levels are observed in Bul-
garia, Romania and Turkey. National borders seem to be more relevant than regional borders,
which reflects the impact of national government policies on education. Considerable effort
has been made in recent years to harmonize education systems within the European Union,
but a direct comparison of educational attainment between different countries may still be
misleading.
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Figure 4.1: Patent Activity by European NUTS3 Regions
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Figure 4.2: R&D Intensity by European NUTS2 Regions
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Figure 4.3: Share of Tertiary Educated by European NUTS2 Regions
While there is a positive correlation of 0.35 between innovations and the share of tertiary
educated, the explanatory power of this human capital measure is limited. I will therefore
control for country effects and consider alternative measures of human capital such as the
share of employment in science and technology in the following empirical analysis.
As described before, the computation of technological distance is based on the regions’
distribution of innovative output over the eight sections of the International Patent Classi-
fication. I use the average number of patent applications of the different sectors for the years
2010-2012 in order to establish the position of each region in technological space. Including
only regions that report patents by classes for the observed time frame, the number of obser-
vations drops to 148.
Table 4.2 lists the distribution of local patent activity over the eight main classes of the
International Patent Classification (IPC). There is substantial variation in the regions’ tech-
nological profile and their respective positions in technological space. This variation will be
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exploited in the following analysis of the role of technological distance between regions in
innovative spillovers.
Table 4.2: Patent Classification
Patent Class Mean Std. Dev. Min. Max. N
A - Human necessities 25.045 25.705 0.132 181.854 148
B - Performing operations 31.961 30.563 0.652 175.013 148
C - Chemistry 17.921 19.776 0.146 124.431 148
D - Textiles 3.109 7.745 0.01 87.578 148
E - Fixed constructions 7.748 8.920 0.049 71.026 148
F - Mechanical engineering 21.609 25.728 0.034 153.616 148
G - Physics 21.259 25.972 0.3 181.981 148
H - Electricity 26.595 36.031 0.506 216.867 148
4.5 Results
All specifications of the SARAR are estimated with a feasible generalized spatial two-stage
least squares (FGS2SLS) estimation strategy. As discussed by Corrado and Fingleton (2011),
FGS2SLS is more efficient than a maximum likelihood estimation strategy in a SARAR
framework without prior information on the transmission mechanism between regions.
4.5.1 SARAR with Spatial Spillovers
The baseline specification of the SARAR for geographical distance includes the average num-
ber of patent applications normalized by local GDP in the years 2011-2013 for European
NUTS2-region as dependent variable. Normalized R&D spending and the share of tertiary
educated as a measure of the human capital stock are the internal inputs to innovation. The
estimation strategy captures innovative spillovers in the geographical dimension by the coef-
ficient λ. The FGS2SLS estimates are reported in column 1 of table 4.3 and show a highly
significant positive impact of local R&D spending on innovative output while the impact of
the human capital stock is not significant at the 5%-level. Most importantly, there is evid-
ence for geographical externalities in patent applications as the estimate for λ is significantly
positive at the 1%-level. λ is the key coefficient of this analysis as it measures the spatial
dependence in patent activity that cannot be explained by variation in internal inputs and
control variables. The significantly positive effect of spatial proximity is therefore an indicator
for innovative spillovers between neighboring regions. There is also spatial auto-correlation
in the the error-term as captured by the coefficient ρ. This finding indicates that there are
is further spatial dependence between regions that affects innovative capacity but cannot be
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attributed directly to the role of patents in neighboring regions. One possible explanation
for this result is that internal inputs in neighboring regions could also positively affect local
innovation in the observed region. The second specification of the geographical SARAR
Table 4.3: SARAR with Spatial Spillovers
(1) (2)
Patents Patents
R&D 0.112 0.121
(10.46) (11.27)
Human Cap. 1.787 1.843
(1.78) (2.01)
Pop. Density -0.00235
(-0.34)
Share of Manuf. 203.1
(2.35)
Constant -53.49 -102.7
(-1.60) (-3.33)
λ 0.0129 0.0299
(3.28) (3.92)
ρ 0.0659 0.0274
(2.92) (3.53)
N 236 236
t statistics in parentheses
 p @ 0.05,  p @ 0.01,  p @ 0.001
includes a vector of control variables in order to account for variation in patent applications
that can be explained by regional characteristics beyond the internal inputs of the baseline
specification. Population density is included to control for agglomeration economies in in-
novative output and the share of manufacturing is introduced to capture the role of the
structure of the local industry. Results are reported in the second column of table 4.3. The
impact of these control variables is not significant at the 5%-level and their inclusion does
not qualitatively change the results we obtained in the baseline specification. In particular,
the significant role of local R&D spending and geographical clustering of patents persists.
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Table 4.4: SARAR with Technological Spillovers
(1) (2)
Patents Patents
R&D 0.0693 0.0694
(7.78) (7.72)
Human Cap. -0.618 0.0642
(-1.16) (0.11)
Pop. Density 0.00131
(0.27)
Share of Manuf. 198.8
(2.59)
Constant 15.59 -34.33
(0.43) (-0.81)
λT 0.0000538
 0.0000521
(4.37) (4.22)
ρT -0.000191
 -0.000192
(-4.53) (-4.79)
Observations 148 148
t statistics in parentheses
 p @ 0.05,  p @ 0.01,  p @ 0.001
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4.5.2 SARAR with Technological Spillovers
The baseline specification of the SARAR for technological distance includes the average
number of patent applications normalized by GDP in the years 2011-2013 for European
NUTS2-region as dependent variable. Normalized R&D spending and the share of tertiary
educated as a measure of the human capital stock are the internal inputs to innovation. The
coefficient λT captures innovative spillovers in the technological dimension. The FGS2SLS
estimates are reported in column 1 of table 4.4 and show a highly significant positive impact
of local R&D spending on innovative output while the impact of the human capital stock
is not significant at the 5%-level. There is evidence for technological clustering in patent
applications as the estimate for λT is significantly positive at the 0.1%-level. This finding
indicates that technological proximity between regions fosters innovative spillovers. Evidence
for spillovers in the technological dimension is slightly stronger than the evidence for the
geographical dimension. Spatial auto-correlation in the error-term persists and may indicate
further driving forces to the regional clustering of innovations that are not captured by this
model. The second specification of the technological SARAR includes a vector of control
variables in order to account for variation in patent applications that can be explained by
regional characteristics beyond the internal inputs of the baseline specification. Population
density is included to control for agglomeration economies in innovative output and the share
of manufacturing is introduced to capture the role of the structure of the local industry.
The share of manufacturing has a significantly positive impact on patent activity, while
population density is insignificant at the 5%-level. Their inclusion does not qualitatively
change the results we obtained in the baseline specification. In particular, the significant
impact of local R&D spending and technological proximity on local innovation persists.
4.5.3 Alternative Specifications of Local Inputs
The standard measure of human capital is the share of tertiary educated. As education sys-
tems are still quite heterogeneous across European countries, the standards for the attainment
of tertiary education are not comparable across all countries. Figure 4.3 shows an observable
clustering of this measure of human capital on the national level. Therefore I use the share of
employment in science and technology (HRST) as an alternative measure of human capital.
It is a measure that is directly related to innovative capacity and is comparable across regions
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Table 4.5: SARAR with Spatial Spillovers - Alternative Inputs
(1) (2)
Patents Patents
R&D 0.126 0.228
(11.91) (6.98)
Human Cap. (HRST) 1.018
(1.34)
Pop. Density -0.00315 -0.00967
(-0.45) (-1.39)
Share of Manuf. 184.7 167.4
(2.13) (1.96)
Human Cap. (Tert. Ed.) 1.504
(1.81)
(R&D * Human Cap.) -0.00254
(-3.15)
Constant -87.31 -98.56
(-2.81) (-3.29)
λ 0.0309 0.0211
(4.01) (3.22)
ρ 0.0274 0.0253
(3.27) (2.51)
N 236 236
t statistics in parentheses
 p @ 0.05,  p @ 0.01,  p @ 0.001
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and countries. Furthermore, it is a direct representation of the share of labor allocated to
research, which plays a central role in ’s model discussed in chapter 2. Results for the estim-
ation of the SARAR model for geographical distance with this alternative measurement are
reported in column 1 of table 4.5. Similarly to the specification with the standard measure of
human capital, the impact of human capital is positive but not significant. Compared to the
baseline specification, I find no notable changes in the significance of geographical proximity.
Column 2 of table 4.5 reports the results for an alternative specification of the geographic
SAR that includes an interaction term for R&D spendings and human capital. The interac-
tion term’s coefficient is significantly negative. The result is counter-intuitive, theory predicts
that R&D investments are more effective when the workforce is highly educated. This finding
could be an artifact of country effects in the measurement of the human capital stock.
Table 4.6: SARAR with Technological Spillovers - Alternative Inputs
(1) (2)
Patents Patents
R&D 0.0730 0.179
(8.02) (6.96)
Human Cap. (HRST) -0.512
(-0.86)
Pop. Density 0.00169 -0.00158
(0.35) (-0.32)
Share of Manuf. 165.7 191.1
(2.13) (2.46)
Human Cap. (Tert. Ed.) 2.031
(2.81)
(R&D * Human Cap.) -0.00289
(-4.77)
Constant -14.34 -125.5
(-0.34) (-2.54)
λT 0.0000524
 0.0000618
(4.23) (4.74)
ρT -0.000192
 -0.000192
(-4.86) (-5.57)
N 148 148
t statistics in parentheses
 p @ 0.05,  p @ 0.01,  p @ 0.001
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4.5.4 Alternative Specifications of the Weight Matrices
As explored by Harris, Moffat and Kravtsova (2011), the specification of the spatial weight
matrix is crucial for the results on spillover effects in spatial settings. In order to get unbiased
results, the specification of the weight matrix needs to precisely capture the transmission
mechanism. A priori, it is not possible to specify the correct weight matrix as the transmission
mechanism is unknown. I therefore estimate the SARAR for each proximity dimension with
alternative specifications of the spatial weight matrix.
Table 4.7: SARAR with Spatial Spillovers and Country Effects
(1)
Patents
R&D 0.101
(8.83)
Human Cap. 0.255
(0.24)
Constant 55.47
(0.55)
λ 0.0144
(2.52)
ρ 0.0427
(2.02)
N 236
t statistics in parentheses
 p @ 0.05,  p @ 0.01,  p @ 0.001
I introduce country effects in order to control for the impact of country affiliation on innovative
output. There are strong indications for the relevance of country borders from theoretical
considerations as well as from the spatial patterns in the data. As education and innovation
policies within Europe are still primarily determined on a national level and language barriers
play a role in the transmission of knowledge, theory predicts clustering of innovative activity
within country borders. Figure 4.1 shows a clear pattern of national clustering of high
innovation in regions, in particular for the case of Germany. Estimates for the geographical
SARAR with country effects are reported in table 4.7. The results are not qualitatively
different from the baseline specification. The key parameter λ is still positive and significantly
different from zero at the 5% level. This result indicates, that knowledge externalities are not
exclusively driven by nationality but also by geographical proximity across country borders.
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Table 4.8: SARAR with Technological Spillovers and Country Effects
(1)
Patents
Patents
R&D 0.0389
(1.18)
Human Cap. 1.806
(0.16)
λT 0.0000900
(0.38)
ρT -0.000195

(-3.09)
N 148
t statistics in parentheses
 p @ 0.05,  p @ 0.01,  p @ 0.001
The direction of the effects for technological distance as reported in table 8 is also unchanged.
However, the estimates are not significantly different from zero because the introduction of
24 country effects reduces the degrees of freedom and therefore the precision of the estimates
substantially.
An alternative specification of the spatial weight matrix is the contiguity matrix. Its elements
indicate whether a pair of regions shares a common border or not. The indicator takes on a
value of 1 if the two regions are neighboring and 0 otherwise. This structure allows a direct
measure of the spillover effects between neighboring regions when compared to the standard
specification of the geographical spatial weight matrix which uses the distance between each
regions’ centroids. The contiguity matrix WC can be written
WC  
<@@@@@@@@@@@@>
0 . . . . . . IJ,1
I1,2 0 . . . 
  
I1,J . . . IJ1,J 0
=AAAAAAAAAAAA?
where
Ii, j  
¢¨¨¨¨
¦¨¨¨
¤¨
1, if bndi 9 bndj x g
0, if bndi 9 bndj   g
and bndi is the boundary of region i. For the sample of all regions with at least one
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neighbor, the average number of neighbors is 4.25. There is no analogue to the contiguity
matrix in technological space, as regions’ position in technological space is defined by a
single point and therefore no borders exist. The results for the geographical SARAR with
contiguity-based spatial weights are qualitatively similar to the results with distance-based
spatial weights as shown in table 9. Evidence for spatial spillovers as measured by λ is
significant at the .1%-level.
Table 4.9: SARAR with Contiguity Weights
(1)
Patents
R&D 0.114
(11.29)
Human Cap. 0.948
(1.33)
Constant -28.04
(-1.51)
λ 0.0991
(11.21)
ρ -0.00220
(-0.10)
N 236
t statistics in parentheses
 p @ 0.05,  p @ 0.01,  p @ 0.001
4.5.5 Simultaneous Estimation of Spatial and Technological Spillovers
Boschma (2005) argued theoretically and Parent and LeSage (2008) showed empirically that
the isolated analysis of one proximity dimension leads to biased results if the true transmission
process is based on the interplay of multiple proximity dimensions. Applied to the current
analysis, these findings imply, that the isolated estimation of the SARAR for geographical and
technological distance respectively leads to biased results if both proximity dimensions affect
knowledge transmission. An interaction between geographical and technological distance in
the transmission process is plausible. However, it is not a priori clear whether the proximity
dimensions act as complements or substitutes. It can be argued, that agents only exchange
knowledge primarily with agents that are close to them both geographically and cognitively.
This argument implies complementary effects of the proximity dimensions. The opposing
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view manifests that proximity in one dimension is sufficient for exchange, i.e. agents are
willing to overcome large geographical distance to exchange knowledge with a cognitively
close agent. This view implies that the proximity dimensions act as substitutes.
Table 4.10: SARAR with Spatial and Technological Spillovers
(1)
Patents
R&D 0.0517
(2.12)
Human Cap. 1.106
(0.16)
λ 0.0128
(1.43)
λT 0.000920

(2.83)
ρ 0.0156
(0.21)
ρT -0.000083
(-0.91)
N 148
t statistics in parentheses
 p @ 0.05,  p @ 0.01,  p @ 0.001
The results for the SARAR with simultaneous effects of geographical and technological dis-
tance are reported in table 4.10. The inclusion of both proximity dimensions allows for the
measurement of their interplay. The estimate for λ, which captures the impact of geographical
proximity remains positive but becomes insignificant, while the positive impact of technolo-
gical proximity as measured by λT is still significant. The interpretation of these parameters
calls for caution. An important concern is that geographical distance and technological dis-
tance are not defined independently of each other. As Boschma (2005) describes, a major
role of the geographical distance is its reinforcing effect on other proximity dimensions. Geo-
graphically close regions are more likely to develop similar industry structures and therefore
increasing technological proximity. However, for the observed period there is no significant
convergence of the regions’ technological distance towards their geographical distance.
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4.6 Discussion
This chapter provides empirical evidence on the role of geographical and technological dis-
tance in innovative spillovers between European regions. I estimate the reduced form of
a regional knowledge production function in a spatially auto-regressive framework using a
dataset of 236 European NUTS2-regions. A separate analysis of each proximity dimension
confirms previous findings that geographical and technological proximity facilitate innovative
spillovers between regions. The consideration of alternative inputs to knowledge produc-
tion and alternative specifications of the spatial weights shows, that the evidence for these
spillovers is robust and slightly stronger for contiguity based spatial weights when compared
to spatial weights based on centroid-distance. Furthermore, the simultaneous estimation of
both proximity dimensions finds significant impact of technological proximity and indicates
that geographical and technological proximity complement each other in the facilitation of
inter-regional spillovers. This analysis lays the foundation for further investigation in various
directions. The specification of the spatial weight matrix and the estimation of the dynamic
aspects of innovative spillovers are two particularly relevant areas of interest. While the use
of spatial panel econometrics is limited for the current dataset as it only covers few years
for a large sample of European regions, these strategies have great potential in uncovering
the temporal scope of spillovers and further disentangling spillover effects from effects due
to clustering in inputs to knowledge production. In my analysis, results are robust to dif-
ferent specifications of the geographical weights, however, more refined measurements of the
technological distance between regions could provide further insight into the role of cognitive
proximity.
Chapter 5
Conclusion
The main goal of this thesis is the exploration of spatial patterns in economic growth and
knowledge accumulation. It provides theoretical and empirical insight into extent and determ-
inants of the spatial clustering of knowledge. Chapter 2 summarizes the role of innovation
in endogenous growth theory and surveys theoretical and empirical literature on its spatial
aspects. Creation and transmission of knowledge are considered as distinct drivers of eco-
nomic growth. Chapter 3 examines local knowledge spillovers as a source of agglomeration
economies. I use a search-theoretic framework to investigate the creation and transmission
of knowledge as an outcome of local face-to-face interactions between agents with heterogen-
eous cognitive background. The model’s results show that agents are too picky in the choice
of their interaction partners and consequently agglomeration economies do not reach their
optimal extent. Chapter 4 provides empirical evidence on the role of proximity in innov-
ative spillovers between European regions. Using data from 236 European NUTS2-regions,
I estimate a reduced form of the knowledge production function in a spatial-autoregressive
framework. The results confirm previous findings of the relevance of innovative spillovers
and their dependence on geographical and technological proximity. I further propose al-
ternative specifications of internal inputs and spatial weights and explore the simultaneous
impact of geographical and technological distance. In conclusion, my thesis provides three
main contributions to current economic research. Chapter 2 contributes to the distinction
of knowledge creation and transmission and reviews evidence for the economic impact of
both mechanisms. This distinction is integrated into a search-theoretic framework in chapter
3. Empirical results on the role of geographical and technological proximity dimensions in
regional innovation are provided in chapter 4. This thesis provides foundations for future
research in various directions. Further theoretical work is required in an effort to integrate
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the different mechanisms of knowledge accumulation. The search-theoretic framework from
chapter 3 can be extended in various dimensions. A formalization of knowledge networks
and the dynamics of knowledge dissemination could provide further insights into the role of
face-to-face interactions. An important empirical challenge lies in the simultaneous analysis
of multiple proximity dimensions and the specification of spatial weights that reflect the un-
derlying mechanisms of knowledge dissemination. Spatial panel analysis has the potential
to explore the dynamics of regional innovative spillovers over time and can therefore offer
insights into causality and persistence of these effects.
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Appendix A
Optimality Conditions for the
Social Planner
The optimality conditions for the knowledge spread ∂Vu∂δ   0 and for the number of unmatched
agents in the city ∂Vu∂U   0 can be expressed as follows:
Optimality condition for the knowledge spread:
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Optimality condition for the number of unmatched in the city:
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Appendix B
Theoretical Foundation of the KPF
This exposition of the theoretical foundations of the knowledge production function is ad-
apted from Romer (1990). Romer develops a model of endogenous growth which is driven
by technological change that arises from intentional investment decisions made by profit-
maximizing agents. The distinguishing feature of the technology as an input is that it is
neither a conventional good nor a public good; it is a non-rival, partially excludable good.
Because of the non-convexity introduced by a non-rival good, price-taking competition can-
not be supported. Instead, the equilibrium is one with monopolistic competition. The main
conclusions are that the stock of human capital determines the rate of growth, that too little
human capital is devoted to research in equilibrium, that integration into world markets will
increase growth rates, and that having a large population is not sufficient to generate growth.
The four basic inputs in this model are capital, labor, human capital, and an index of the
level of the technology. Capital is measured in units of consumption goods. Labor services L
are skills such as eye-hand coordination that are available from a healthy physical body. They
are measured by counts of people. Human capital H is a distinct measure of the cumulative
effect of activities such as formal education and on-the-job training. The model separates
the rival component of knowledge, H, from the non-rival, technological component, A. Each
new unit of knowledge corresponds to a design for a new good, so A is a count of the number
of designs.
The formal model of the economy has three sectors. The research sector uses human capital
and the existing stock of knowledge to produce new knowledge. Specifically, it produces
designs for new producer durables. An intermediate-goods sector uses the designs from the
research sector together with forgone output to produce the large number of producer dur-
ables that are available for use in final goods production at any time. The final goods sector
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uses labor, human capital, and the set of producer durables that are available to produce
final output. Output can be either consumed or saved as new capital.
Final output Y in this model is expressed as a function of physical labor L, human capital
devoted to final output HY , and physical capital K. The unusual feature of the production
technology assumed here is that it disaggregates capital into an infinite number of distinct
types of producer durables. For now, let these durables be indexed by an integer i.
The functional form for output is the following extension of the Cobb-Douglas production
function:
Y HY , L, x  HαY LβQ
i
x
1αβ
i (B.1)
Thus Kt is equivalent to cumulative forgone output and evolves according to the rule
K˙t   Yt Ct (B.2)
where Ct denotes aggregate consumption at time t.
All researchers can take advantage of A at the same time. The output of researcher j is
proportional to his human capital level Hj and the stock of ideas Aj he can access. With
productivity parameter δ, the researcher’s output can be written δHjAj . If we sum across
all people engaged in research, the aggregate stock of designs evolves according to
A˙   δHAA (B.3)
where HA is total human capital employed in research.
Aggregate demand for the durables is determined by solving the maximization problem
max
x
S
ª
0
 HαY Lβx1αβi  pixidi (B.4)
which yields the inverse demand function:
pi   1  α  βHαY Lβxαβi (B.5)
Faced with given values of HY , L, and r, a firm that has already incurred the fixed-cost
investment in a design will choose a level of output x to maximize its revenue minus variable
cost at every date:
pi   max
x
1  α  βHαY Lβx1αβ  rηx (B.6)
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The decision to produce a new specialized input depends on a comparison of the discoun-
ted stream of net revenue and the cost PA of the initial investment in a design. Because
the market for designs is competitive, the price for designs will be bid up until it is equal to
the present value of the net revenue that a monopolist can extract. At every date t, it must
therefore be true that
pit   rtPA (B.7)
For a fixed amount of A, the model’s symmetry implies that all available durable goods
are supplied at the same level, henceforth denoted as x¯. If they were not, it would be possible
to increase profits in the producer durable sector by reducing the output of high-output firms
and diverting the capital released in this way to low-output goods. Since A determines the
range of durables that can be produced and since q units of capital are required per unit of
durable goods, it is possible to solve for x from the equation K   ηAx¯. Then output Y can
be written as
Y HY , L, x  HαY Lβ S ª
0
x
1αβ
i di  
 HαY L
βAx¯1αβ
 HαY L
βA
K
ηA
1αβ
  HYAαLAβK1αβηαβ1
(B.8)
The strategy for characterizing the model that is followed here is to solve for an equilibrium
in which the variables A, K, and Y grow at constant exponential rates. This is generally
referred to as a balanced growth equilibrium. Equation (7) shows, that output grows at the
same rate as A if L, HY , and x¯ are fixed. If x¯ is fixed, then K must grow at the same rate
as A, because total usage of capital is Ax¯η. Let g denote the growth rate of A, Y , and K.
g  
C˙
C
 
Y˙
Y
 
K˙
K
 
A˙
A
  δHA (B.9)
The constraint HY  HHA implies a relation between the growth rate g and the interest
rate r:
g   δHA   δH 
α
1  α  βα  βr (B.10)
Most of the content of the model is contained in equation (9), which summarizes the effects
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of the technological side of the model, including the effects of imperfect competition in the
market for producer durables. The intuition behind this equation is related to the investment
decision in human capital. The opportunity cost of human capital is the wage income that
can be earned instantaneously in the manufacturing sector. The return to investing human
capital in research is a stream of net revenue that a design generates in the future. If the
interest rate is larger, the present discounted value of the stream of net revenue will be lower.
Less human capital will be allocated to research, and the rate of growth will be lower.
The model presented here is essentially the one-sector neoclassical model with technological
change, augmented to give an endogenous explanation of the source of the technological
change. The central implication of the model is that an economy with a larger total stock of
human capital will experience faster growth.
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